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1 Introduction

The past four decades have seen systematic shifts in occupational employment

across industrialized countries, with high- and low-paying occupations gain-

ing at the expense of the middle. This is commonly interpreted as reflecting

labor demand shifts induced by technological change, consumer demand, or

offshoring. However, the impact of such occupation-level demand shifts on

the wage structure is far from clear. First, occupations appear to play a minor

role in driving changes in wage inequality, at least in terms of descriptive de-

composition exercises. Second, occupational employment and wage growth

typically do not feature a strong positive correlation. Finally, wage inequality

trends differ substantially across countries, while occupational employment

shifts are highly similar.1

In this paper, we shed light on these puzzles by studying occupational wage

growth in Sweden 1996–2013. Swedish employment shifts are similar to those

elsewhere (Adermon and Gustavsson, 2015), but the wage structure is dramat-

ically compressed compared to most other industrialized countries, and growth

in inequality has been moderate and episodic (Graetz, 2020). We show that,

as elsewhere, occupations do not appear to play an important role in basic

decompositions of changes in wage inequality.

However, as has long been recognized, any analysis of occupational de-

mand shifts and wages must address selection problems arising from workers’

systematic sorting into occupations (see for instance Roy, 1951; Acemoglu

and Autor, 2011; Böhm, 2020). For example, a positive demand shock to

computer programmers may manifest itself as an increase in the price paid

for a unit of programming output. At the same time, this increased occupa-
tional wage premium draws in workers from other occupations, who may be

less productive than incumbents, thus leaving observed wages approximately

unchanged.

Our starting point for overcoming the selection problem is to focus on oc-

cupation stayers, whose wage growth comes closer to the growth in premia

as time-invariant skills are differenced out and the composition of workers is

left unchanged (Cortes, 2016). We address attenuation bias stemming from

selection on idiosyncratic shocks using the method developed by Böhm et al.

(2023).

The second challenge we face is that occupations may differ in how workers

accumulate skills over the life-cycle, so that differential wage growth among

1The polarization of occupational employment in the US and elsewhere has been documented

by Wright and Dwyer (2003), Goos and Manning (2007), and Autor et al. (2006); and Goos

et al. (2014). See in particular Adermon and Gustavsson (2015) for the Swedish case. Goos

et al. (2014) provide evidence in favor of a technological explanation. Barany and Siegel (2018)

emphasize structural change and consumer demand instead. In a decomposition exercise, Hoff-

mann et al. (2020) find only a minor role for occupations in driving rising wage inequality. Roys

and Taber (2019), Böhm (2020), and Böhm et al. (2023) highlight the lack of a strong positive

correlation between occupational employment and wage growth in the US and Germany.
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occupation stayers may reflect not only differential premium growth (Deming,

2021). Moreover, occupational experience profiles may have shifted over time,

for instance due to technology-induced obsolescence of skills (Deming and

Noray, 2020). A theoretically motivated restriction that has been suggested as

a solution to this identification problem is the concept of a “flat spot”, a point

in the life-cycle when the derivative of human capital with respect to experi-

ence is zero (Heckman et al., 1998; Bowlus and Robinson, 2012). We propose

a novel approach for implementing this restriction, namely to re-center the

experience profiles around the flat spot. This leaves us with greater statisti-

cal power as we are not forced to restrict the sample to workers near the flat

spot. More importantly, it allows us to estimate experience profiles for each

occupation and point in time.2

Finally, we explore to what extent our estimated premium growth is driven

by changes in occupation-specific skill returns. A growing literature docu-

ments changing skill returns in the aggregate, and suggests that occupations

may be important drivers of such trends (Deming, 2017; Edin et al., 2022).

Given the availability of cognitive and psycho-social skill measures from the

Swedish military enlistment, we are able to control for differential changes in

skill returns in our estimation.

Our findings are as follows. First, premium growth is positively correlated

with employment growth (and more strongly so than is raw wage growth).

Second, premium growth is also positively correlated with initial wages. These

two findings together imply our third finding, namely that in the absence of

compositional changes between-occupation wage inequality would have in-

creased more than it actually has. Fourth, experience profiles vary strongly

across occupations at any given point in time, and while they are stable in

some occupations, in others they show large changes. These results are ro-

bust to allowing for changes in specific returns to cognitive and psycho-social

skills.

The positive association between premium growth and employment shifts

suggests that variation in premium growth is mostly due to demand side fac-

tors. At the same time, our results suggest that there is an important life-cycle

component to shifts in the occupational wage structure.

Our findings are consistent with a recent and growing literature document-

ing the importance of compositional changes in counteracting occupation-

level demand shifts (Cortes, 2016; Böhm, 2020; Cavaglia and Etheridge, 2020;

Böhm et al., 2023). Our contribution compared to these studies is first, to

provide comparable evidence for the Swedish economy, which at first glance

features a very different wage structure. Second, to estimate time-varying

2Böhm et al. (2023) assume that experience profiles are constant—following much of the the-

oretical literature on task-biased technological change—and use a pre-period of uniform pre-

mium growth to estimate these profiles. Our data do not go back in time sufficiently to make

this approach feasible.
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occupation-specific experience profiles. And third, to allow for time-varying

occupation-level skill returns when estimating wage premium growth.

To the best of our knowledge, the joint estimation of premium growth and

experience profiles has only been attempted by one other paper, Böhm et

al. (2023). Their identification assumption is that the profiles are fixed over

time, and that during the decades prior to 1985 any differential wage premium

growth was negligible, so that experience profiles can be estimated using a

prior period. Our assumptions and identification strategy differ from Böhm

et al. (2023), and we view our approach as complementary.3

The remainder of the paper is structured as follows. Section 2 presents

our theoretical framework, discusses identification challenges as well as our

proposed solutions, and develops counterfactual scenarios. We describe our

data in Section 3. Section 4 contains our results, and Section 5 concludes.

2 Theoretical framework and empirical strategy

The theoretical motivation for our empirical exercise is the standard Roy model

in which workers sort into occupations based on comparative advantage. Rather

than estimating a completely specified model, our point of departure is an

assumption about the data-generating process for potential wages. In Sec-

tion 2.1, we explore how key parameters of this wage equation can be identi-

fied under different assumptions about occupational choice. In Section 2.2, we

show how changes in overall wage inequality can be attributed to occupation-

level driving forces, and develop counterfactual scenarios based on our esti-

mated wage equation.

2.1 Identifying the parameters of the wage function

Suppose that individual worker i’s log wage in occupation k and year t, wikt ,

is given by

wikt = πkt +αik +βksi +gk(xikt − x∗)+ εikt , (1)

where πkt is a potentially time-varying occupation-specific wage premium; αik
is an unobserved worker-occupation fixed effect; si is a vector of observable

skills with its associated occupation-specific returns βk; xikt is the worker’s

experience in the occupation measured in years and centered around x∗, to be

3Using unusual rich data, Böhm et al. (2023) are able to estimate across-occupation experience

profiles, that is, the extent to which a year of work experience in one occupation increases

the worker’s productivity in this and all other occupations. In contrast, we estimate how wage

growth in each occupation and at each point in time varies with overall potential labor market

experience. (Given the limited length of our panel, we cannot construct workers’ occupational

histories.) Therefore, our estimates have a different structural interpretation from those in Böhm

et al. (2023).
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discussed below; gk is an occupation-specific experience profile; and εikt is an

i.i.d. shock. Our main goal is to estimate πkt for each occupation, or at least

its change relative to a reference occupation.

For the moment, let us assume that workers choose the occupation in which

they earn the highest wage in each period, abstracting from dynamic consider-

ations. Furthermore, let us assume for now that the shock εikt is realized after
workers have made their choice. These assumptions are the same as in Cortes

(2016). This leaves us with two potential threats to identification: Selection on

unobserved time-invariant characteristics, and occupation-specific experience

profiles. We address these in turn.

Selection on time-invariant characteristics
Consider the first difference of Equation (1),

Δwik = Δπk +gk(xikt − x∗)−gk(xikt −1− x∗)+Δεik, (2)

where Δ is the first difference operator, so that ΔX = Xt−Xt−1. If we estimate

Equation (2) using the sample of occupation stayers, we can be sure that se-

lection on time-invariant skills αik and si is accounted for, since these terms

are differenced out. An alternative method accomplishing this is of course to

estimate Equation (1) in levels and to include worker-by-occupation fixed ef-

fects, as in Cortes (2016). We prefer the first difference specification for two

reasons. First, it allows us to run separate regressions for each year, and thus

work with datasets of manageable size. Second, our data on wages and oc-

cupations come from repeated cross-sectional samples, so that it is difficult to

construct long panels of individuals workers, and to accurately capture longer

occupational spells (see Section 3).

Occupation-specific experience profiles
For concreteness, we approximate the profile by a polynomial of order M,

gk(x) = ∑M
m=1 γkm(x− x∗)m. Under this assumption, the component of wage

growth due to experience—among occupation stayers—now becomes

gk(xikt−x∗)−gk(xikt−1−x∗)= γk1+
M

∑
m=2

γkm {(xikt − x∗)m− (xikt −1− x∗)m} .

The wage growth equation to be estimated is thus

Δwik = Δπk + γk1 +
M

∑
m=2

γkm {(xikt − x∗)m− (xikt −1− x∗)m}+Δεik. (3)

Estimation of Equation (3) for a given occupation yields a constant term θkt =
Δπk + γk1. Thus, the challenge is to separate out changes in premia from the

constant term of the experience profile. Note that γk1 is the effect of addi-

tional experience at the point xit = x∗. Human capital theory (Ben-Porath,
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1967; Heckman et al., 1998) suggests that there comes a point in a worker’s

life cycle when human capital accumulation stops, or even reverses due to de-

preciation—a so-called flat spot where the marginal effect of experience on

wages is zero. Thus, if x∗ is set to be at the flat spot, then γk1 = 0, solving the

identification problem as we now have θkt = Δπk.4

We illustrate this strategy using a concrete example: The wage growth of

physical and engineering science technicians from 2005–06. Figure 1 plots

changes in log wages, together with the fitted polynomial, against potential

experience re-centered around different values—the assumed locations of the

flat spot. The fitted polynomial comes from estimating Equation (3) choosing

m = 4. Grey dashed lines mark the constant term estimated by the regressions,

equal to premium growth under the assumption γk1 = 0. The data reveal a

strong downward trend in wage growth, consistent with faster skill accumula-

tion among inexperienced workers, as well as a flattening of this relationship

at higher levels of potential experience. The top-left panel does not re-center

the data, thus yielding a large estimated premium growth of around 8 percent.

But an assumption of zero skill accumulation for labor market entrants is of

course highly implausible. Assuming flat spots at higher values such as 25,

30, or 35 all yield estimated premium growth around 2 percent, as shown in

the remaining panels.

Figure 1 illustrates that choosing the flat spot means picking a point on the

fitted first-differenced experience profile and attributing all wage growth at

that point to growth in the premium.5 Relying on a parametric prediction for

the profile yields greater statistical power compared to simply using average

wage growth at the flat spot.

Figure 1 also raises the question whether the flat spot can be determined

in a data-driven way. In general, the answer is no. Consider three hypothet-

ical experience-wage profiles plotted in the top row of Figure 2. As we do

not observe workers’ time-invariant occupation-specific skills, we cannot es-

timate the profiles in levels. We thus first-difference the profiles, shown in the

bottom row. The challenge remains to separate premium growth from skill ac-

cumulation. Consider first column (a). The differenced profile reproduces the

nearly flat region of the original in-levels profile. While it may not be easy to

determine the exact location of the flat spot, this would also not matter greatly

for the estimated premium growth. However, recall that the econometrician

cannot see the top row. As column (b) shows, a flat region in first differences

4Our approach is related to Fosse and Winship (2019), who address the identification problem

arising in the presence of age, cohort, and time effects. They highlight that it is only linear

effects that are unidentified, and explain how one can bound these. However, a single restriction

is often sufficient for point identification, as is the case in our context.
5To be precise, the flat spot assumption says that g′k(x

∗) = 0. In the polynomial case,

g′k(x
∗) = ∑M

m=1 γkmm(x− x∗)m−1 = γk1. Here, the flat spot assumption γk1 = 0 does not imply

that Δwik|x=x∗ = Δπk exactly, which requires ∑M
m=2 γkm {−(−1)m} = 0. However, in practice

these equations will hold approximately, as is the case in Figure 1.
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Figure 1. Illustration of flat spot identification

(c) Flat spot = 30 (d) Flat spot = 35

(a) Flat spot = 0 (b) Flat spot = 25

-20 0 20 40 -20 0 20 40
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0.08

Potential experience less at spot

Average change in log wage Fitted values

Notes: Grey dashed lines mark the constant term from estimating the experience profiles, equal

to wage premium growth under the respective flat spot assumptions. The data include all in-

dividuals who worked as physical and engineering science technicians in 2005 and 2006. See

Section 3 for further details on sample selection.
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can also result from a locally log-linear profile in levels. In this case, the true

flat spot at 34 cannot be detected based on first differences. Finally, consider

column (c), which shows a profile of roughly constant curvature and hence no

flat region. Again, it is not obvious how to choose the flat spot based on the

first-differenced profile.

Given that the flat spot cannot be identified without further assumptions, our

approach is to set it at 30 for all occupations, while also reporting results for

alternative values. In a further robustness check, we estimate flat spots under

the additional assumption that the true profiles are strictly concave except for

possible flat sections (that is, linear segments with non-zero slope, as in the

middle column of Figure 2, are prohibited). In this case, the second derivative

of the profile will be maximized (closest to zero) at the flat spot, so that any

statistic of interest should change by the least amount—in absolute value—at

the true flat spot. See Section A for further details.

A key advantage of our method is that it allows us to jointly estimate ex-

perience profiles and premium growth. Moreover, as we estimate separate

models for each year, we essentially estimate time-varying experience pro-

files.6 A third advantage is that we retain greater statistical power than exist-

ing approaches in the literature which implement the flat spot idea using only

data on workers near the flat spot (Bowlus and Robinson, 2012; Cavaglia and

Etheridge, 2020).7

We note that the interpretation of our estimated profiles is affected by the

measurement of occupation-specific experience. With a panel that is relatively

short (20 years) relative to the typical length of working lives, it is not possible

to construct complete occupational histories for each worker.8 In our base-

line specification we therefore use potential overall labor market experience,

based on age and years of schooling. Given this, the occupation-specificity of

the γkm’s means that experience is differently valued across occupations, but

it does not matter in which occupation this experience was gained. Alterna-

tively, one can simply interpret the estimated profiles as describing the wage

growth in a given occupation and year as a function of potential overall labor

market experience. This function will depend not only on deep structural pa-

rameters, but also on the characteristics—such as occupational histories—of

the workers staying in that occupation in that year (and the year before).

6Strictly speaking, the experience profile in levels must be constant across the two adjacent

years. This would not matter if we had specified the profile in changes in the first place. How-

ever, starting with a levels specification is arguably more natural given the Roy framework.
7It is also possible to implement flat spot identification via an iterative procedure (Lagakos et

al., 2017).
8Another challenge is that private sector workers in Sweden are sampled, as we discuss in the

data section.
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Time-varying skill returns
A key finding in recent research on inequality is that wage returns to various

skills have evolved differently over time, with occupations seemingly playing

an important role. While this is interesting in its own right, here we are mainly

concerned with the impact of such changes on our ability to estimate changes

in occupational wage premia. Suppose, then, that returns to portable skills

vary over time,

wikt = πkt +αik +βktsi +gk(xikt − x∗)+ εikt ,

so that wage growth now becomes

Δwik = Δπk +(Δβkt)si +
M

∑
m=2

γkm {(xikt − x∗)m− (xikt −1− x∗)m}+Δεik. (4)

For selected cohorts of Swedish men we actually have at our disposal the skill

measures for which changing wage returns have been documented. We can

thus assess whether our baseline estimates of Δπk are robust to controlling

for these measures, by estimating Equation (4) where the vector si contains

cognitive and psycho-social skills, as described further in the data section.

Selection on idiosyncratic shocks
Let us now allow for selection on the idiosyncratic shock εikt , as well. The

constant term from estimating Equation (3), imposing the flat spot assumption

γk1 = 0, now becomes θkt = Δπk+E[Δεik|kit = ki,t−1 = k]. The second term no

longer equals zero, due to selection. Other things equal, occupations experi-

encing relatively fast premium growth will retain more workers with a bad re-

alization of the shock, while occupations in which premia decline only retain

those workers with very good realizations. Therefore, selection on idiosyn-

cratic shocks biases downward the between-occupation variance in premium

growth. This bias is more severe the larger is the variance of εikt . A method to

correct for this bias, developed by Böhm et al. (2023), is to include occupation

switchers in a regression of wage growth on workers’ average choices. We

implement this method as a robustness check.

Remaining issues
There are a number of issues which are beyond the scope of this paper. These

include forward-looking occupational choice, amenities, search frictions, and

long-term wage contracts. We believe that addressing any one of these requires

estimation of a fully specified structural model (for recent examples, see Roys

and Taber, 2019; Traiberman, 2019).

2.2 Occupational drivers of changes in wage inequality

A key objective of this paper is to assess the importance of occupations for

changes in wage inequality. Therefore, we need to formally characterize how
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changes in inequality relate to occupation-level changes such as differential

premium growth and worker re-allocation. We closely follow Böhm et al.

(2023).

First, by the Law of Total Variance, Var(wit)=E[Var(wit |k)]+Var(E[wit |k]).
That is, overall wage inequality can be decomposed into a within-occupation

and a between-occupation component. Without specifying the distribution of

skills, it is difficult to say much about how changes in premia affect the within

component, so we focus on the between component.

To ease notation, let us from now on write wkt ≡E[wit |k] and Δwk≡ΔE[wi|k],
and similarly for other variables. The difference operator ΔX ≡ X1−X0 de-

notes changes between two points in time 0 and 1, not necessarily adjacent

years.

Note, to integrate out the conditioning variable—occupational choice—we

must specify a distribution of occupational employment. When decomposing

the variance at a given point in time, the obvious choice is to use the distri-

bution at that point. But when considering changes over time, we need to be

explicit about the distribution. We use subscripts to do so.

The change in between-occupation wage inequality can be written as

Var1(wk1)−Var0(wk0) = Var0(wk1)−Var0(wk0)︸ ︷︷ ︸
change at initial employment

+Var1(wk1)−Var0(wk1)︸ ︷︷ ︸
re-allocation

.

(5)

Define ykt ≡ wkt −πkt , which captures workers’ skills in the broadest sense—

all parts of log wages not determined by the occupation premium. The first

component on the right-hand side of Equation (5) can be broken down as

Var0(wk1)−Var0(wk0) = Var0(Δwk)+2Cov0(wk0,Δwk)

= Var0(Δπk)+Var0(Δyk)+2Cov0(Δπk,Δyk)

+2Cov0(wk0,Δπk)+2Cov0(wk0,Δyk).
(6)

From Equation (6), we see how differential changes in premia may affect

changes in wage inequality, and at the same time, how their effects may be

offset by opposing forces. In particular, all the components of the decomposi-

tion involving changes in average skills Δyk, as well as the re-allocation term

from Equation (5), can be seen as potentially countervailing effects due to

workers’ re-sorting. In contrast, all terms only involving Δπk and initial mean

wages wk0 can be interpreted as giving the counterfactual increase in between-

occupation wage inequality in the absence of re-sorting. That is, with worker

composition unchanged, we have

Var0(wk1)−Var0(wk0) = Var0(Δπk)+2Cov0(wk0,Δπk), (7)

which is a key object of interest in our analysis. Equation (7) shows that,

holding worker composition constant, changes in wage premia have a large
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effect on wage inequality if they are very dispersed, or if they are positively

correlated with initial mean wages.

3 Data description

3.1 Data sources

We obtain demographic information (year of birth, sex, municipality of resi-

dence, education, immigration status) from Statistics Sweden’s LISA database,

covering the population of Swedish residents 1985-2016. LISA also contains

employment status in November each year, annual salary income, as well as

industry and municipality of workplace.

Some information that is key for our purposes is absent from LISA. In par-

ticular, LISA does not contain weeks and hours worked, nor occupation. For

this, we turn to a database called Swedish Wage Structure Statistics (hence-

forth WSS). WSS contains three-digit occupation codes according to the SSYK96
classification 1996–2013, and according to the SSYK2012 classification 2014-

2016.9 The two classifications cannot be mapped unambiguously, and breaks

in employment trends are apparent even at higher levels of aggregation. We

therefore end our main analysis in 2013.

WSS also contains contractual monthly wage rates. This in combination

with annual salary income allows us to determine annual labor supply. Most

importantly, these contractual wage rates are the main outcome of interest for

our analysis, since we are interested in the price of labor.

A drawback of WSS is that outside the public sector, only a sample of

workers is available. Sampling is stratified by firms, with large firms being

more likely to be drawn. This does not pose any problems for cross-sectional

analysis—sampling weights are provided—but makes it more difficult to ana-

lyze dynamic phenomena such as occupational mobility. We discuss this issue

further in the next sub-section.

For some of our analysis, we use test scores collected during military en-

listment in the last decades of the 20th century, after which conscription was

gradually phased out. Among birth cohorts 1952-1981, more than 90 percent

of Swedish-born males are covered by these data. We use a combined measure

of cognitive skills based on four different standardized tests of inductive, ver-

bal and spatial skills, and technical comprehension, and a measure of psycho-

social skills (sometimes called “non-cognitive skills”) based on a half-hour,

semi-structured interview with a certified psychologist.10 We standardize the

9SSYK stands for Standard för Svensk Yrkesklassificering, literally “Standard for Swedish oc-

cupation classification”, a version of the International Standard Classification of Occupations

(ISCO).
10The intent of the interview was to evaluate the psychological fitness for coping with military

service. See Lindqvist and Vestman (2011) and Fredriksson et al. (2018) for more details on

these data.
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two measures within each draft cohort to have mean zero and standard devia-

tion one. To ensure comparability, we estimate our main specification also for

the sub-sample of male cohorts for which enlistment data are available.

3.2 Sample selection and construction of variables

Our population of interest includes all Swedish employees aged 18–64 during

the years 1996–2013 (sometimes extended to 2016). Employees are individ-

uals who are employed in November and whose annual labor earnings are no

less than three times the 10th-percentile monthly wage. We calculate individ-

ual wage growth for all adjacent years, dropping anyone with wage growth

below the first or above the 99th percentile for each pair of years.11

We calculate potential labor market experience as years elapsed since year

of graduation, based on highest education attained and a school starting age

of six. To reduce noise, we drop observations with potential experience be-

low two and greater than 40 years. Due to the limited length of the panel as

well as due to sampling, we are unable to construct actual occupation-specific

experience.

We use sampling weights to adjust for stratification. The raw weights sup-

plied in WSS feature some extremely large values, and this may introduce

noise, especially when multiplying the weights for a first-difference analysis

using a two-year panel. Whenever we work with individual, two-year panel

data, we therefore trim the weights following the procedure of Potter (1990).12

However, when computing aggregate moments, we use the original weights.

For our baseline analysis we use the 3-digit-level SSYK96 occupational

classification, which includes 101 occupations. However, we sometimes use a

coarser classification for descriptive and other purposes.

4 Results

4.1 Raw wages, wage premia, and employment

To set the stage, we document the relationship between growth in averages

wages and growth in employment as well as initial wages, across occupations

for the period 1996–2013. Panel (a) of Figure 3 plots the long difference in log

wages against the long difference in the log of employment, with each marker

11Extreme values of wage growth—five or more standard deviations away from the mean—may

occur because individuals enter into and exit from executive positions (Skans et al., 2009). We

drop extreme values as these can have a large impact on the results.
12The procedure is as follows. We first fit a Beta(α,β ) distribution to the weights. Second,

weights whose estimated cumulative probability is above 99 percent are trimmed to the esti-

mated 99th percentile. Third, weights are re-scaled such that their sum is unchanged. This

procedure is repeated ten times.
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Figure 3. Growth in wages, premia, and skills against employment growth, 1996–

2013

 = 0.026, se = 0.01, R² = 0.07

 = -0.016, se = 0.01, R² = 0.03

 = 0.042, se = 0.009, R² = 0.2
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Notes: The figure plots the growth mean log wages, cumulative estimated wage premia, as well

as the implied change in mean skills, against the change in log employment. Wage premia are

estimated according to our baseline specification Equation (8). Each marker represents one of

101 occupations. The size of each marker is determined by the employment share in the first

year and the regression line is weighted accordingly. We use original survey weights when

calculating occupation size and mean log wage.
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representing one occupation. First, by moving along the horizontal axis, we

see much variation in employment growth. Production, operators, and craft

occupations tend to see low (often negative) employment growth, while on

average, employment growth appears highest among managers, professionals,

and technicians. Clerical and services occupations fall somewhere in between.

However, there is much variation even within these broad categories. Turning

to wage growth, there is a positive but rather weak relationship with employ-

ment growth. Panel (a) of Figure 4 reveals an even weaker relationship of

average wage growth with initial (1996) average wages.

However, as discussed in Section 2, average wage growth captures both

changes in occupational wage premia and changes in worker composition and

hence average skills. In order to isolate changes in wage premia, we op-

erationalize Equation (2) by estimating separate regressions of year-on-year

changes in individual log wages on occupation fixed effects and a polynomial

in potential experience:

Δwit = ϕkt +
4

∑
m=2

γkm{x̃m
it − (x̃it −1)m}+uit , (8)

where ϕkt are occupation-specific fixed effects; x̃it ≡ xit−x∗ is potential expe-

rience re-centered around the assumed flat spot in the experience profile; and

γkm are polynomial coefficients allowed to vary by occupation. In our main

specification, we use a fourth-order polynomial and re-center potential expe-

rience at 30 years. We report robustness checks with respect to these choices

below. We estimate separate regressions for each pair of adjacent years in our

sample. In order to control for changes in worker composition, we use only in-

dividuals who remained in the same occupation across both years, kit = ki,t−1.

Under the assumption that there is no selection on idiosyncratic shocks and

that γm1 = 0 (the flat spot assumption), the fixed effects ϕkt consistently es-

timate premium growth Δt
t−1πk for an adjacent pair of years. We estimate

premium growth over the full period by simply accumulating the estimated

year-on-year changes, Δ̂2013
1997πk = ∑2013

t=1997 ϕ̂kt .

Our premium growth estimates are plotted against employment growth in

Panel (b) of Figure 3. The relation between premium growth and employment

growth is stronger than that of mean wage growth—the slope is steeper, and

R2 almost triples. This pattern implies that while demand factors were pushing

up wage premia during this period, changes in the skill composition of work-

ers acted as a counteracting force, resulting in the tempered trend we see in

average wage growth. This is consistent with a situation where growing labor

demand in certain occupations attracts new workers with lower productivity

than the incumbents—and conversely, occupations with falling labor demand

might let their lower-productivity workers go first. The implied change in skill

composition can be backed out from our estimates by simply subtracting the

estimated changes in premia from the observed changes in average wages.
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Figure 4. Growth in wages, premia, and skills against initial wages, 1996–2013

 = 0.019, se = 0.026, R² = 0.01

 = -0.077, se = 0.025, R² = 0.09

 = 0.096, se = 0.023, R² = 0.15

(c) Implied skills

(a) Mean wage (b) Wage premia
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Notes: The figure plots the growth mean log wages, cumulative estimated wage premia, as

well as the implied change in mean skills, against initial mean log wages. Wage premia are

estimated according to our baseline specification Equation (8). Each marker represents one of

101 occupations. The size of each marker is determined by the employment share in the first

year and the regression line is weighted accordingly. We use original survey weights when

calculating occupation size and mean log wage.
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Figure 5. Growth in wages, premia, and skills against growth in schooling, 1996–2013

 = 0.032, se = 0.012, R² = 0.07

 = 0.055, se = 0.011, R² = 0.2

 = -0.023, se = 0.011, R² = 0.04

(c) Implied skills

(a) Mean wage (b) Wage premia

-1 0 1

-1 0 1

-0.2

0.0

0.2

-0.2

0.0

0.2

Growth in years of schooling

Managers, professionals and
technicians
Clerical occupations
Production, operators and
craft occupations
Service and elementary occupations

Notes: The figure plots the growth mean log wages, cumulative estimated wage premia, as well

as the implied change in mean skills, against initial the growth in average years of schooling.

Wage premia are estimated according to our baseline specification Equation (8). Each marker

represents one of 101 occupations. The size of each marker is determined by the employment

share in the first year and the regression line is weighted accordingly. We use original survey

weights when calculating occupation size and mean log wage.
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This is shown in Panel (c) of Figure 3. As expected, faster growing occupa-

tions have seen falling implied skill levels in their workforce, although this

relationship is not very strong.

Panel (b) of Figure 4 shows that premium growth is strongly positively

associated with initial wages. Given Equation (6), this suggests that premium

growth would cause an increase in between-occupation wage inequality in the

absence of compositional changes. However, panel (c) of Figure 4 already

gives an idea of how strong these compositional changes might be—growth

in average skills are strongly negatively related to initial wages. We explore

these issues in detail in Section 4.2.

One way to assess the plausibility of the estimated growth in skills is to

check its association with changes in years of schooling. Panel (c) Figure 5

shows that there is indeed a positive relationship, with a fairly high R2 of 0.2.

On the other hand, panel (b) of the same figure shows a negative associa-

tion between premium growth and changes in years of schooling, consistent

with lower educated workers moving into occupations experiencing positive

demand changes.13

While the evidence presented so far suggests that the forces predicted by

the Roy model are at work, it remains to assess their quantitative importance

for the evolution of wage inequality in Sweden. We do so next.

4.2 Decomposing changes in between-occupation wage
inequality

To quantify the role of differential premium growth for changes in between-

occupation inequality in Sweden, we use our estimates to calculate the coun-

terfactual scenarios developed in Section 2.2. We first focus on the long dif-

ference 1996–2013 and then examine changes at annual frequency.

The first three lines in column (1) of Table 1 show the change in the ob-

served variance of log wages, the change in between-occupation variance, as

well as the change in between-occupation variance holding occupational em-

ployment fixed at 1996. The variance of log wages increased by 0.026 be-

tween 1996–2013, from 0.073 in 1996. (To avoid excessive decimal places,

we multiply the variance and its components by 100 from here on.) Although

the wage distribution in Sweden is still highly compressed compared to other

countries (Graetz, 2020), this increase is large in relative terms.

Between-occupation wage inequality accounts for just over half of the in-

crease in overall variance. But this is allowing for the employment weights

in the calculation of variance to change over time. If employment shifts from

13For completeness, Figure B2 displays the respective bi-variate associations of wage growth,

premium growth, and implied skill growth, showing positive correlations between wage growth

and premium growth, and wage growth and skill growth, and a negative correlation between

premium growth and skill growth.
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Table 1. Decomposition of changes in between-occupation wage inequality

(1) (2) (3) (4)

Baseline Common flat spot Occ.-spec.

25 35 flat spot

Total

ΔVar(wik) 2.57

Between

ΔVar(wk) 1.31

ΔVar0(wk) .39

Components

Var0(Δπk)+2Cov0(wk0,Δπk) .94 2.03 .29 .66

Var0(Δπk) .23 .43 .17 .27

2Cov0(wk0,Δπk) .71 1.59 .12 .4

Var0(Δyk) .26 .37 .24 .25

2Cov0(wk0,Δyk) -.57 -1.45 .02 -.26

2Cov0(Δπk,Δyk) -.24 -.55 -.16 -.27

Notes: The table reports results from a decomposition of the change in the between-

occupation variance in wages between 1996 and 2013 for different flat spot levels. See

Equation (6) for the formal statement of the decomposition. Column (1) uses a common flat

spot for all occupations, at 30 years of potential experience, when estimating growth in wage

premia. Columns (2)–(3) vary this common flat spot as indicated. Column (4) estimates a

flat spot for each occupation using the procedure described in Section A. All figures have

been multiplied by 100 for readability.
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middle- to both high- and low-paying occupations, we should expect between-

occupation inequality to increase even if wage premia do not grow differen-

tially. The phenomenon of job polarization has been extensively documented

in the literature (Goos et al., 2014; Adermon and Gustavsson, 2015), and Fig-

ure B1 confirms that it is present also in our sample period.

Our main interest, however, is in occupation-level drivers of wage inequal-

ity that are due to differential changes in compensation for a fixed set of work-

ers. The third row in Table 1 shows that holding employment fixed at 1996

levels, the contribution of between-occupation variance shrinks by more than

two thirds. But, as discussed above, changes in observed wages at the occupa-

tion level may mask changes in composition. To assess the role of differential

growth in occupational wage premia, we perform the decomposition given by

Equation (6).

Column (1) of Table 1 presents our baseline results, with the flat spot set at

30 for all occupations. Holding worker composition constant, the increase in

between-occupation variance would have been 0.94 based on our decomposi-

tion. This is more than twice the increase in the between-occupation variance

of raw wages (at constant employment), and almost 40 percent of the increase

in the overall variance of log wages. Most of this effect is due to a positive

covariance between initial wages and premium growth, while the variance in

premium growth plays a relatively minor role. The last two rows in column (1)

of Table 1 show the attenuating forces: Changes in worker skills are negatively

correlated with both initial wages and growth in wage premia.

Figure 6 shows the evolution of the variance components year-on-year. In-

terestingly, during the period 1996–2001, which saw the fastest growth in

wage inequality, the attenuating forces of a changing skill composition are

absent, and the no-sorting counterfactual closely tracks between-occupation

inequality in raw wages (at constant employment). The attenuating forces

emerge only after 2001.14

4.3 Robustness checks

We conduct a number of robustness checks for the results that depend on the

estimation of wage premium growth. First, we vary the location of the flat

spot. As expected given the shape of wage-experience profiles and the above

discussion of Figure 1, the decomposition results are sensitive to the choice

of flat spot, as seen in columns (3) and (4) of Table 1. The sensitivity varies

14Column (1) in panel B of Table B1 displays the decomposition results for the sub-period 2001–

2013. Figures B3 and B4 display the relationships between growth in wages, premia, and

implied skills on the one hand, and employment growth and initial wages on the other, for

2001–2013. While overall inequality changed little during this time, the pattern of premium

growth and compositional changes is qualitatively very similar to that for the whole sample

period.
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Figure 6. Decomposition of changes in between-occupation inequality 1996-2013

(a) Growth in overall and
between-occupation variance

(b) Components of growth in
between-occupation variance

1995 2000 2005 2010 2015 1995 2000 2005 2010 2015
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Var (w )

Var ( ) + 2Cov (w , )

Var ( )

Var ( y )
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2Cov (w , )

2Cov (w , y )

Notes: The figure plots the results from the decomposition given by Equation (6) for every year

pair {1996, t} ∀ t ∈ {1996, . . . ,2013}.
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by component: The variance of premium growth appears more stable than the

covariance of premium growth and initial wages.15

However, when we attempt to determine occupation-specific flat spots in a

data-driven way—based on the assumption of strictly concave wage-experience

profiles (except for possible flat regions) as discussed in Section A—we ob-

tain results quite similar to our baseline specification (column (4)). Note also

that setting the flat spot at zero, which would be implied if we simply added

higher-order terms of potential experience without re-centering them, yields

clearly unreasonable results (column (2) of Table B2).

Table B2 displays the decomposition components for a set of further robust-

ness checks. These include changing the order of the polynomial in potential

experience; adjusting for endogenous mobility using the method of Böhm et

al. (2023); allowing for differential growth in wage premia at the level of re-

gions and industries; pooling the data to estimate time-invariant experience

profiles; restricting the data to men with non-missing enlistment scores; con-

trolling for time-varying returns to cognitive and non-cognitive skills within

this restricted sample; and dividing the data by gender. The results are robust

in the sense that the no-sorting counterfactual in the majority of cases is of

similar or even larger magnitude compared to the baseline.16

Finally, we probe the robustness of the associations of premium growth and

implied skills with employment growth, initial wages, and years of schooling.

The results are shown in Figures B5 and B6, and once again are largely similar

to the baseline specification.

4.4 Changes in occupational experience profiles

A key advantage of our empirical approach is that we are able to estimate

occupational experience profiles that vary over time. We estimate profiles

for 101 occupations and each pair of years from 1996–2013. Due to space

constraints, we only show estimated profiles for the largest (in terms of average

employment 1996–2013) 3-digit occupation in each of nine main categories,

for the years 1997, 2002, 2008, and 2013.

The estimated profiles are shown in Figure 7. There are several notewor-

thy findings. First, in all occupations wage growth is fastest for inexperi-

enced workers, but this pattern is much more pronounced in some occupations

(finance & sales professionals, building frame workers) than in others (per-

sonal care workers). Second, while in some occupations the profiles are stable

(building frame workers), in others they show large changes over time (com-

15As premium growth and skill growth are strongly negatively correlated, this difference in sen-

sitivity is mirrored by the other components.
16Note that using a polynomial of order one or forcing the experience profiles to be constant over

time are more restrictive and thus inferior to our baseline specification.
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Figure 7. Estimated occupational experience profiles for selected occupations and

years

Building frame &
related trades workers Motor-vehicle drivers Shoe cleaning &

other street services

Other o ce clerks Personal care &
related workers
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Notes: The figure plots the estimated experience profiles from Equation (8) for the indicated

occupations and years.
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Figure 8. Wage-experience profiles over time
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Notes: The figure characterizes the distribution of the experience profiles estimated by Equa-

tion (8) over time (panel (a)) and shows how variance in selected characteristics of experience

profiles is related to variance in premium growth (panel (b)).
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puting professionals). Third, profiles are steepest in the late 1990s in several

cases, but this is not a universal pattern.

To further investigate changes over time, we plot the median as well as quar-

tiles of two measures capturing the steepness of the profiles, namely, the value

of the profile at ten years of potential experience as well as the maximum value

(both in levels). Panel (a) of Figure 8 reveals that, by both measures, profiles

were indeed somewhat steeper in the late 1990s. But even more striking is that

the steepness of the profiles was much more dispersed in that period.

Finally, we explore if there is a systematic relationship between dispersion

in wage-experience profiles and dispersion in wage premium growth. Panel

(b) of Figure 8 plots the variances of the two steepness measures along with

the variance of premium growth against time. It appears that years with higher

dispersion in profiles also tend to see higher dispersion in premium growth.

5 Conclusion

We contribute to the literature on shifts in the wage structure by jointly esti-

mating growth in occupational wage premia and occupation-specific life cycle

wage profiles. We document substantial changes in occupations’ relative pre-

mia in Sweden in recent decades, which are masked in the raw wage data due

to worker sorting. There is a positive association between premium growth and

employment growth, suggesting that workers have been responsive to changes

in occupational demand. The relative premia changes are estimated to have

substantially contributed to the increase in overall wage inequality. We also

document large heterogeneity in life-cycle profiles across occupations, as well

as substantial shifts of the profiles over time. Allowing for occupation-level

changes in returns to cognitive and psycho-social skills has little effect on the

results.

Our results suggest that although the overall wage structure in Sweden is

highly compressed, forces related to technological change do influence the

wage structure and drive workers’ occupational choices. An open question

is why the increase in Swedish wage inequality was concentrated in the late

1990s. This could be due to a temporary rise in the flexibility of collective

bargaining, or it may reflect uneven technological change, for instance a tran-

sitional period of technology adoption (Beaudry et al., 2016).

The method we propose to estimate changes in occupational wage premia

may fruitfully be applied to other settings, especially those in which experi-

ence profiles appear to change over time, and in cases where only short (two-

year) panels of workers are available.
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Appendix A Procedure for estimating
occupation-specific flat spots

Suppose that experience profiles are strictly concave except for possible flat

regions. That is, linear segments with non-zero slope, as in the middle column

of Figure 2, are prohibited. Formally, g′′(x)≤ 0, g′′(x) = 0 ⇒ g′(x) = 0. This

implies that the second derivative of the profile will be maximized (closest to

zero) at the flat spot, so that any statistic of interest should change by the least

amount—in absolute value—at the true flat spot. We use this insight to pin

down the flat spot in a data-driven way.

Recall from Section 2.2 that the change in between-occupation variance of

log wages, at constant employment, can be decomposed as

Var0(wk1)−Var0(wk0) = Var0(Δwk)+2Cov0(wk0,Δwk)

= Var0(Δπk)+Var0(Δyk)+2Cov0(Δπk,Δyk)

+2Cov0(wk0,Δπk)+2Cov0(wk0,Δyk).
(A1)

Denote by μ the components of the decomposition,

μ ∈M ≡ {Var0(Δπk),Var0(Δyk),2Cov0(wk0,Δπk),2Cov0(Δπk,Δyk)}.
Each of the elements of M depends on the change in the premia Δπk, which

in turn depend on the chosen flat spots. However, the sum of all compo-

nents on the right-hand side of Equation (A1) is constant, so we exclude

2Cov0(wk0,Δyk) from the set M .

Let ϖ denote the vector of changes in premia, and let x̃ denote the vec-

tor of candidate flat spots. Both vectors contain K elements, where K is the

total number of occupations, indexed by k. We denote the above-mentioned

functional dependence by μ ≡ μ(ϖ(x̃)). Using the chain rule, we define the

sensitivity of μ to changing the flat spot, in absolute terms, as

|dμ(ϖ(x̃))| ≡
∣∣∣∣∣∑k

∂ μ
∂ (Δπk)

×∑
k′

∂ (Δπk′)

∂ x̃k′
×dx̃k′

∣∣∣∣∣ .
Under strictly concave experience profiles, we conjecture that |dμ(ϖ(x̃))| at-

tains its minimum at or near the vector of true flat spots x∗, and similarly for

the sum over |dμ(ϖ(x̃))|,
x∗ = arg min

x̃
∑

μ∈M

|dμ(ϖ(x̃))|. (A2)

We implement the optimization problem given by Equation (A2) in practice

by solving

x∗ = arg min
x̃

S× ∑
μ̂∈M

[
(μ̂(x̃+ τ)− μ̂(x̃))2 +(μ̂(x̃− τ)− μ̂(x̃))2

]
,
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where μ̂ denote the estimated moments, τ is size-k vector with constant el-

ements representing step size, and S is a scaling factor chosen for numerical

stability. We set the elements of τ to equal 0.01 and S = 1e+7. We use the L-

BFGS-B method (Liu and Nocedal, 1989) implemented by the optim package

in R. We impose x̃k ∈ [25,40] ∀k. As the procedure appears to be sensitive to

initial values, we draw initial values at random from the continuous uniform

distribution U(26,39) for each x̃k. This process is repeated 100 times. We

then choose the x∗ with the lowest associated loss.

Note that in principle, given strictly concave profiles one should be able

to find the flat spots by minimizing the sensitivity of the Δπk’s instead of a

moment that is a function of them. However, approximating the experience

profiles by a polynomial does not guarantee that the estimated profiles are

actually strictly concave. Alternatively, one could impose a functional form

on the profiles that does guarantee strict concavity. We attempted to do this,

but the estimation turned out to be highly unstable.
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Appendix B Additional figures and tables

Figure B1. Job polarization
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Notes: The figure plots the growth in log employment against mean log wages in 1996. In

Panel (b), log wages have been percentile-ranked, weighted by initial employment. Each marker

represents one of 101 occupations. The size of each marker is determined by the employment

share in the first year and the regression lines are weighted accordingly. We use original survey

weights when calculating occupation size and mean log wage.
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Figure B2. Relations between growth rates
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Notes: The figure plots the bivariate relationships between the growth in mean log wages, cu-

mulative estimated wage premia, and the implied change in mean skills. Each marker represents

one of 101 occupations. The size of each marker is determined by the employment share in the

first year and the regression lines are weighted accordingly. We use original survey weights

when calculating occupation size and mean log wage.
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Figure B3. Growth in wages, premia, and skills against employment growth, 2001–

2013

 = 0.005, se = 0.014, R² = 0

 = -0.026, se = 0.013, R² = 0.04
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Notes: The figure plots the growth mean log wages, cumulative estimated wage premia, as well

as the implied change in mean skills, against the change in log employment. Wage premia are

estimated according to our baseline specification Equation (8). Each marker represents one of

101 occupations. The size of each marker is determined by the employment share in the first

year and the regression line is weighted accordingly. We use original survey weights when

calculating occupation size and mean log wage.
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Figure B4. Growth in wages, premia, and skills against initial wages, 2001–2013

 = -0.046, se = 0.017, R² = 0.07
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Notes: The figure plots the growth mean log wages, cumulative estimated wage premia, as

well as the implied change in mean skills, against initial mean log wages. Wage premia are

estimated according to our baseline specification Equation (8). Each marker represents one of

101 occupations. The size of each marker is determined by the employment share in the first

year and the regression line is weighted accordingly. We use original survey weights when

calculating occupation size and mean log wage.
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Figure B5. Premia, skills, and employment growth—robustness checks

Premium growth, slope Premium growth, R² Implied skill growth, slope Implied skill growth, R²

0.0 0.1 0.2 0.3 0.0 0.1 0.2 -0.2 -0.1 0.0 0.00 0.05 0.10 0.15

Pooled spec.

Est. occ.-spec.
at spot

Flat spot = 35

Flat spot = 25
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( at spot = 30)

Poly. order = 5

Poly. order = 3

BvGS

Reg. & Ind.

Draft sample

Draft scores

Only women

Only men

Flat spot = 0

Poly. order = 1

Notes: The table reports the coefficients, 95 percent confidence intervals, and coefficients of

determination from separately regressing cumulative estimated wage premia and the implied

change in mean skills (growth in average wage minus premium growth) against the change in

log employment at the occupation level for different sets of premia estimates. See the text for

descriptions of how these estimates are produced. The weight assigned to each occupation is

determined by the employment share in the first year. We use original survey weights when

calculating occupation size and mean log wage.
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Figure B6. Premia, skills, and initial wages—robustness checks

Premium growth, slope Premium growth, R² Implied skill growth, slope Implied skill growth, R²

0.0 0.5 1.0 0.0 0.1 0.2 0.3 0.4 -1.0 -0.5 0.0 0.0 0.1 0.2 0.3
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Est. occ.-spec.
at spot

Flat spot = 35

Flat spot = 25

Baseline
( at spot = 30)

Poly. order = 5

Poly. order = 3

BvGS

Reg. & Ind.

Draft sample

Draft scores

Only women

Only men

Flat spot = 0

Poly. order = 1

Notes: The figure reports the coefficients, 95 percent confidence intervals, and coefficients of

determination from separately regressing cumulative estimated wage premia and the implied

change in mean skills (growth in average wage minus premium growth) against initial mean log

wage at the occupation level for different sets of premia estimates. See also the notes to Figure

B5.
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Figure B7. Premia, skills, and schooling—robustness checks

Premium growth, slope Premium growth, R² Implied skill growth, slope Implied skill growth, R²
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at spot
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Flat spot = 25
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( at spot = 30)

Poly. order = 5

Poly. order = 3

BvGS

Reg. & Ind.

Draft sample

Draft scores

Only women

Only men

Flat spot = 0

Poly. order = 1

Notes: The figure reports the coefficients, 95 percent confidence intervals, and coefficients of

determination from separately regressing cumulative estimated wage premia and the implied

change in mean skills (growth in average wage minus premium growth) against growth in av-

erage years of schooling at the occupation level for different sets of premia estimates. See also

the note to Figure B5.

105



Ta
bl
e
B
1.

D
ec

om
po

si
tio

n
re

su
lts

—
su

b-
pe

ri
od

s

(1
)

(2
)

(3
)

(4
)

B
as

el
in

e
C

o
m

m
o

n
fl

at
sp

o
t

O
cc

.-
sp

ec
.

2
5

3
5

fl
at

sp
o

t

(a
)1

99
6–

20
13

T
o

ta
l

ΔV
ar
(w

ik
)

2
.5

7

B
et

w
ee

n

ΔV
ar
(w

k)
1

.3
1

ΔV
ar

0
(w

k)
.3

9

C
o

m
p

o
n

en
ts

V
ar

0
(Δ

π k
)
+

2
C

o
v

0
(w

k0
,Δ

π k
)

.9
4

2
.0

3
.2

9
.6

6

V
ar

0
(Δ

π k
)

.2
3

.4
3

.1
7

.2
7

2
C

o
v

0
(w

k0
,Δ

π k
)

.7
1

1
.5

9
.1

2
.4

V
ar

0
(Δ

y k
)

.2
6

.3
7

.2
4

.2
5

2
C

o
v

0
(w

k0
,Δ

y k
)

-.
5

7
-1

.4
5

.0
2

-.
2

6

2
C

o
v

0
(Δ

π k
,Δ

y k
)

-.
2

4
-.

5
5

-.
1

6
-.

2
7

(b
)2

00
1–

20
13

T
o

ta
l

ΔV
ar
(w

ik
)

.3
4

B
et

w
ee

n

ΔV
ar
(w

k)
.0

7

ΔV
ar

0
(w

k)
-.

3
1

C
o

m
p

o
n

en
ts

V
ar

0
(Δ

π k
)
+

2
C

o
v

0
(w

k0
,Δ

π k
)

.3
1

.9
3

-.
0

8
.1

5

V
ar

0
(Δ

π k
)

.0
9

.1
3

.0
8

.1

2
C

o
v

0
(w

k0
,Δ

π k
)

.2
2

.7
9

-.
1

6
.0

5

V
ar

0
(Δ

y k
)

.1
4

.1
8

.1
2

.1
5

2
C

o
v

0
(w

k0
,Δ

y k
)

-.
6

8
-1

.2
5

-.
3

-.
5

1

2
C

o
v

0
(Δ

π k
,Δ

y k
)

-.
0

8
-.

1
7

-.
0

6
-.

1

N
ot

es
:

T
h

e
ta

b
le

re
p

o
rt

s
re

su
lt

s
fr

o
m

a
d

ec
o

m
p

o
si

ti
o

n
o

f
th

e
ch

an
g

e
in

th
e

b
et

w
ee

n
-o

cc
u

p
at

io
n

v
ar

ia
n

ce
in

w
ag

es
fo

r
d

if
fe

re
n

t
fl

at
sp

o
t

le
v
el

s
an

d
p

er
io

d
s.

S
ee

E
q

u
at

io
n

(6
)

fo
r

th
e

fo
rm

al
st

at
em

en
t

o
f

th
e

d
ec

o
m

p
o

si
ti

o
n

.
C

o
lu

m
n

(1
)

u
se

s
a

co
m

m
o

n
fl

at
sp

o
t

fo
r

al
l

o
cc

u
p

at
io

n
s,

at
3

0
y

ea
rs

o
f

p
o

te
n

ti
al

ex
p

er
ie

n
ce

,

w
h

en
es

ti
m

at
in

g
g

ro
w

th
in

w
ag

e
p

re
m

ia
.

C
o

lu
m

n
s

(2
)–

(3
)

v
ar

y
th

is
co

m
m

o
n

fl
at

sp
o

t
as

in
d

ic
at

ed
.

C
o

lu
m

n
(4

)
es

ti
m

at
es

a
fl

at
sp

o
t

fo
r

ea
ch

o
cc

u
p

at
io

n

u
si

n
g

th
e

p
ro

ce
d

u
re

d
es

cr
ib

ed
in

S
ec

ti
o

n
A

.
A

ll
fi

g
u

re
s

h
av

e
b

ee
n

m
u

lt
ip

li
ed

b
y

1
0

0
fo

r
re

ad
ab

il
it

y.

106



Ta
bl
e
B
2.

D
ec

om
po

si
tio

n
re

su
lts

—
fu

rt
he

r
sp

ec
ifi

ca
tio

ns

(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

(1
0

)
(1

1
)

(1
2

)

B
as

el
in

e
F

la
t

sp
o

t
=

0
P

o
ly

.
o

rd
er

B
v

G
S

R
eg

.
&

P
o

o
le

d
D

ra
ft

D
ra

ft
M

en
W

o
m

en

1
3

5
in

d
.

sp
ec

.
sa

m
p

le
sc

o
re

s

(a
)1

99
6–

20
13

T
o

ta
l

ΔV
ar
(w

ik
)

2
.5

7

B
et

w
ee

n

ΔV
ar
(w

k)
1

.3
1

ΔV
ar

0
(w

k)
.3

9

C
o

m
p

o
n

en
ts

V
ar

0
(Δ

π k
)
+

2
C

o
v

0
(w

k0
,Δ

π k
)

.9
4

2
4

.4
9

2
.5

7
1

.2
1

1
.0

7
1

.2
8

.6
6

.9
7

1
.6

4
1

.5
9

.8
4

2
.0

2

V
ar

0
(Δ

π k
)

.2
3

1
7

.6
.6

7
.3

1
.2

5
.3

1
.1

7
.2

4
.4

1
.4

.2
5

.8

2
C

o
v

0
(w

k0
,Δ

π k
)

.7
1

6
.8

9
1

.9
.8

9
.8

2
.9

7
.4

9
.7

3
1

.2
3

1
.1

9
.5

9
1

.2
2

V
ar

0
(Δ

y k
)

.2
6

1
7

.0
9

.5
6

.3
1

.2
5

.2
9

.2
5

.2
7

.4
.3

9
.2

8
.8

3

2
C

o
v

0
(w

k0
,Δ

y k
)

-.
5

7
-6

.7
5

-1
.7

7
-.

7
5

-.
6

8
-.

8
3

-.
3

5
-.

5
9

-1
.0

9
-1

.0
5

-.
4

5
-1

.0
8

2
C

o
v

0
(Δ

π k
,Δ

y k
)

-.
2

4
-3

4
.4

4
-.

9
8

-.
3

7
-.

2
5

-.
3

5
-.

1
8

-.
2

5
-.

5
5

-.
5

4
-.

2
8

-1
.3

8

(b
)2

00
1–

20
13

T
o

ta
l

ΔV
ar
(w

ik
)

.3
4

B
et

w
ee

n

ΔV
ar
(w

k)
.0

7

ΔV
ar

0
(w

k)
-.

3
1

C
o

m
p

o
n

en
ts

V
ar

0
(Δ

π k
)
+

2
C

o
v

0
(w

k0
,Δ

π k
)

.3
1

1
4

.5
1

.2
2

.4
5

.4
1

.5
8

.1
7

.1
.5

1
.5

3
.2

6
.8

4

V
ar

0
(Δ

π k
)

.0
9

9
.3

1
.2

2
.1

2
.0

9
.1

3
.0

7
.1

1
.0

9
.0

8
.1

1
.2

9

2
C

o
v

0
(w

k0
,Δ

π k
)

.2
2

5
.1

9
1

.3
3

.3
2

.4
5

.1
-.

0
1

.4
1

.4
5

.1
5

.5
5

V
ar

0
(Δ

y k
)

.1
4

9
.6

9
.2

9
.1

6
.1

3
.1

6
.1

2
.1

4
.1

2
.1

3
.1

5
.3

5

2
C

o
v

0
(w

k0
,Δ

y k
)

-.
6

8
-5

.6
5

-1
.4

5
-.

7
9

-.
7

8
-.

9
1

-.
5

6
-.

4
5

-.
8

7
-.

9
1

-.
6

1
-1

.0
1

2
C

o
v

0
(Δ

π k
,Δ

y k
)

-.
0

8
-1

8
.8

5
-.

3
6

-.
1

3
-.

0
8

-.
1

4
-.

0
4

-.
1

-.
0

7
-.

0
6

-.
1

1
-.

5

N
ot

es
:

T
h

e
ta

b
le

re
p

o
rt

s
re

su
lt

s
fr

o
m

a
d

ec
o

m
p

o
si

ti
o

n
o

f
th

e
ch

an
g

e
in

th
e

b
et

w
ee

n
-o

cc
u

p
at

io
n

v
ar

ia
n

ce
in

w
ag

es
fo

r
d

if
fe

re
n

t
sp

ec
ifi

ca
ti

o
n

s
an

d
p

er
io

d
s.

S
ee

E
q

u
at

io
n

(6
)

fo
r

th
e

fo
rm

al
st

at
em

en
t

o
f

th
e

d
ec

o
m

p
o

si
ti

o
n

an
d

th
e

te
x

t
fo

r
d

et
ai

ls
o

n
th

e
d

if
fe

re
n

t
sp

ec
ifi

ca
ti

o
n

s.
A

ll
fi

g
u

re
s

h
av

e
b

ee
n

m
u

lt
ip

li
ed

b
y

1
0

0
fo

r
re

ad
ab

il
it

y.

107





Essay III. Outside Options and the Sharing of
Match-Specific Rents
Co-authored with Peter Fredriksson, Lena
Hensvik, and Oskar Nordström Skans

Acknowledgements: We thank seminar participants at EALE Padua 2021, IFAU, BI Norwegian

Business School, and SOLE Minneapolis 2022 for comments and discussions.

109



1 Introduction

Wage inequality is shaped by how labor markets operate and how wages are

set. Equally skilled workers earn different wages across workplaces because of

imperfect competition and frictions. Furthermore, on-the-job search can gen-

erate dispersion across equally productive workers in the same job, and make

within-job wage inequality responsive to the aggregate cycle. But the impact

of on-the-job search on wage inequality crucially depends on how wages re-

spond to outside offers. If workers in productive matches can use outside

offers to bid up their current wage, as in Postel-Vinay and Robin (2002), well-

matched workers will tend to extract a greater share of their match surplus

when the state of the labor market improves. In canonical wage bargaining

models (e.g. Pissarides, 2000), wages are instead set as weighted averages be-

tween match productivity and aggregate conditions with fixed weights. In this

case, wages will increase with market tightness without affecting within-job

dispersion. This empirical paper sheds light on this issue by providing direct

evidence on how outside options affect the transmission from match-specific

productivity to wages.

We derive a measure of job-level match quality using Swedish enlistment

data on eight distinct skills, following Fredriksson et al. (2018). Consistent

with most wage bargaining models, well-matched workers earn higher wages.

But what role do outside options play? Our stylized theoretical framework,

building on Postel-Vinay and Robin (2002), predicts that, if outside offers are

used in bargaining, then match quality for job stayers will matter more for

wages when the aggregate arrival rate of offers is higher, i.e., when local labor

market conditions are favorable. Moreover, for job movers, match quality in

the previous job should matter for the current wage, but only if the transition

was direct (i.e., without intermittent non-employment).

Our empirical results confirm these predictions. The wage returns to match

quality are pro-cyclical for workers who remain in their jobs; The return to

wages in levels increases by 50 percent of the average return when moving

from the highest to the lowest ventile of the local unemployment distribution.

The results are qualitatively similar for wages in logs and levels. They are in-

dependent of how we define the local labor market, and remain unaltered when

we replace unemployment by other indicators of local labor market conditions,

including shift-share instruments and occupation-specific employment.

For job-to-job movers, match quality in the previous job is more important

for the current wage than current match quality. This holds even when condi-

tioning on the previous wage. By contrast, prior match quality is unrelated to

the new wage among workers with interim non-employment.

Our results imply that internal (match quality) and external (outside op-

tions) factors are not additively separable as in canonical bargaining models.

Instead, workers’ returns to match productivity increase when market condi-

tions improve and there are more counteroffers, or when they move directly
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from a position where they were already well-matched as originally proposed

by Postel-Vinay and Robin (2002).

Our main contribution is to offer direct evidence on how outside offers af-

fect wages, an issue which previously exclusively has been studied with struc-

tural models. Earlier reduced-form studies (surveyed by Jäger et al., 2020)

have analyzed how match-specific factors and outside options affect wages,

but not how they interact. Fredriksson et al. (2018) study match quality and

wages at the job-level whereas Guvenen et al. (2020) and Lise and Postel-

Vinay (2020) use occupations. Studies of outside options analyze unemploy-

ment (Blanchflower and Oswald, 1994), outside firms (Lamadon et al., 2022),

networks (Caldwell and Harmon, 2019), dual jobs (Lachowska et al., 2022),

and benefits (Jäger et al., 2020).1 Di Addario et al. (2022), study how the pre-

vious firm effect (as in Abowd et al., 1999) affect the new wages of job-to-job

movers, and find very small effects.

Many papers have used structural approaches to compare wage-setting mech-

anisms in models with two-sided heterogeneity. Mortensen (2003) found sup-

port for wage bargaining over wage-posting in many market segments. Cahuc

et al. (2006) embeds outside offers and traditional bargaining, finding more

support for the former. Hagedorn and Manovskii (2013) argue that counterof-

fers do not add additional information once match quality (proxied by pre-

vious tightness) is accounted for. More recently, Bagger and Lentz (2019)

and Yamaguchi (2010) allow for both endogenous search and human capital

accumulation.2

Section 2 presents a theoretical framework. Section 3 describes data and

measurement. Section 4 reports the results. Section 5 concludes.

2 Theoretical framework

We outline a stylized theoretical framework that highlights how and why coun-

teroffers can provide an important link between outside options and returns to

individual match productivity. The labor market is segmented by skill levels.

To simplify, the value of unemployment, b, is homogeneous across workers

within each skill segment. For ease of exposition, we focus on a single seg-

ment, and let b remain a constant.3 Productivity (p) differs across matches

(worker-job pairs) since workers’ have different skill bundles and jobs have

1On Swedish data, see Carlsson et al. (2019) (unemployment), Carlsson et al. (2016) (outside

firms), and Fredriksson and Söderström (2020) (benefits).
2A different set of studies have used surveys to directly measure how wages are set (e.g., Barron

et al., 2006, Hall and Krueger, 2012, Brenzel et al., 2014). Barron et al. (2006) find that 44

percent of firms would consider making a counteroffer. Hall and Krueger (2012) notes that

around 40 percent of workers bargained for a new job while maintaining the option to go back

to their previous job.
3Our empirical analysis holds the main effects of skills constant.
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different skill requirements. Workers search for jobs randomly and match

quality is revealed after they meet.

Consider a two-period set-up. In period 1, unemployed workers meet a firm

with probability λ , draw idiosyncratic match quality p from a differentiable

distribution F(p), decide on whether to match, and bargain over the wage,

w = w(b, p). In period 2, employed workers meet with other firms (again at

rate λ ), and draw match quality, p′. Since unemployed and employed workers

draw matches at the same rate, the reservation wage (and reservation match

quality) in period 1 is b.

Workers move if p′ > p. When b < p′ ≤ p, offers are instead used to bid

up the wage in the current match if the worker can use the alternative offer

in negotiations with the current employer. There are three scenarios when

meeting a firm in period 2:

1. If p′ ≤ b, nothing happens and the worker retains w(b, p);
2. If b < p′ ≤ p, the worker (potentially) renegotiates the wage to w(p′, p);

and

3. If p′ > p, the worker moves and earns w(p, p′).
Following Cahuc et al. (2006), we let wages be affected by Nash bargaining

and by counteroffers. Without counteroffers, workers obtain a share η of the

(flow) surplus. If employers can respond to counteroffers, wages are instead:

1. w(b, p)−b = η(p−b) for p′ ≤ b (and entrants from unemployment);

2. w(p′, p)− p′ = η(p− p′) for p′ ∈ (b, p]; and

3. w(p, p′)− p = η(p′ − p) for p′ > p.

With a slight change of notation, define p1 and p2 as the first and second most

productive relationship the worker has found during his current employment

spell. Then p1 is match quality with the current employer and p2 is the best

outside offer. The wage-setting rule becomes:

w = w(p1, p2,b) = η p1 +(1−η)max(b, p2), (1)

where p2 = 0 if the worker has received no alternative wage offer. This rule

is more general than it may appear. It is derived by Cai (2020) as the result of

a strategic alternating bargaining game (of the Rubinstein (1982) type) when

the risk of an exogenous break-up of the bargain is ignorable.

In our empirical work, we estimate separate wage regressions for stayers

and movers. We begin by considering the wage for a stayer in the second

period.

Define θ as the probability of receiving an outside offer that is higher than

b conditional on remaining in the initial job:

θ =
λ (F(p)−F(b))
1−λ +λF(p)

. (2)
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The expected wage for stayers may then be written in terms of the first-period

wage, the expected wage conditional on receiving a useful outside offer, and

θ :

E[w | p′ ≤ p, p,λ ] = w(p,b)+θ
(
E[w(p, p′) | p′ ≤ p, p]−w(p,b)

)
= η p+(1−η)b+(1−η)θ

(
E[p′ | b≤ p′ ≤ p]−b

)
,
(3)

where the second line uses (1).

To see how the expected second-period wage is influenced by initial match

quality, we differentiate (3) with respect to p:

∂E[w | p′ ≤ p, p,λ ]
∂ p

= η +(1−η)

⎡⎢⎢⎢⎢⎢⎣
∂θ
∂ p

(
E(p′s)−b

)
︸ ︷︷ ︸

Effect due to
offer probability

+θ
∂E(p′s)

∂ p︸ ︷︷ ︸
Effect due to
offer quality

⎤⎥⎥⎥⎥⎥⎦≥ η ,

(4)

where we have introduced the notation E(p′s) = E[p′ | b≤ p′ ≤ p]
Both θ and E(p′s) are increasing in p. Hence, the derivative is larger than

the direct effect of increasing match quality on shared surplus, captured by η .

This implies that workers receive higher rents when outside offers can be used

in bargaining. The difference in the effect of an increase in p on the expected

wage between workers that did and did not receive outside offers equals:

∂E[w | p′ ≤ p, p,λ ]
∂ p

∣∣∣∣
λ=1

− ∂E[w | p′ ≤ p, p,λ ]
∂ p

∣∣∣∣
λ=0

= (1−η)
F ′(p)
F(p)

[
F(b)
F(p)

(
E(p′s)−b

)
+ p−E(p′s)

]
≥ 0. (5)

Thus, remaining workers with higher match quality on average benefit more

from receiving outside offers.

How does the effect of initial match quality on expected second-period

wage change when the arrival rate of offers increases? To determine this,

(4) is differentiated with respect to λ :

∂ 2E[w | p′ ≤ p, p,λ ]
∂ p∂λ

= (1−η)

⎡⎢⎢⎢⎢⎢⎣
∂θ
∂λ

∂E(p′s)
∂ p︸ ︷︷ ︸

Direct interaction
effect

+
∂ 2θ

∂ p∂λ
(
E(p′s)−b

)
︸ ︷︷ ︸

Interaction effect on
offer probability

⎤⎥⎥⎥⎥⎥⎦ . (6)
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The direct interaction effect is clearly positive: Workers become more likely

to receive useful offers, and, on average, such offers grow more valuable with

the quality of the initial match. However, the derivative also depends on the

interaction effect on the probability of receiving a useful outside offer. This

term is in principle ambiguous in sign, essentially because probabilities are

bounded.

To find a closed-form expression for (6), we first calculate the relevant

derivatives:

∂θ
∂λ

=
F(p)−F(b)

(1−λ +λF(p))2
≥ 0,

∂E(p′s)
∂ p

=
F ′(p)

F(p)−F(b)
(p−E(p′s))≥ 0,

∂ 2θ
∂ p∂λ

=
F ′(p)

(1−λ +λF(p))2
(1−2θ). (7)

Inserting these into (6) and simplifying yields:

∂ 2E[w | p′ ≤ p, p,λ ]
∂ p∂λ

=
(1−η)F ′(p)

(1−λ +λF(p))2

[
(p−E(p′s))+(1−2θ)(E(p′s)−b)

]
.

(8)

A sufficient condition for this expression to be positive is that θ ≤ 0.5. This

is true for all values of p if λ (1−F(b))≤ 0.5. In other words, as long as the

probability that the best matched worker can use an outside offer to renegotiate

the wage is less than 50 percent, the sign of equation (8) is positive.

Of course, (8) can be positive under more general circumstances. To see

this write E(p′s) as a weighted average of p and b:

E(p′s) = ω p+(1−ω)b, (9)

where the weight ω depends on the shape of the density function on the (b, p)
interval. Use (9) in (8):

∂ 2E[w | p′ ≤ p, p,λ ]
∂ p∂λ

=
2(1−η)F ′(p)(p−b)
(1−λ +λF(p))2

[1

2
−θω

]
. (10)

Thus, θω ≤ 1/2 implies that (8) is unambiguously positive. In a uniform

distribution, for example, ω = 1/2, and thus (8) is positive for all values of λ
and b.

In the appendix, we explore which values of p, λ , and b lead to a non-

positive value of (8) under various distributional assumptions. We find that
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this almost never occurs. For example, when the distribution of match quality

is log-normal, (8) is positive for all values of λ and b. When the distribution is

normal, we find that (8) can become negative only if λ > 0.9 and F(b)< 0.05.

Since this is an extreme case, it seems safe to surmise that an increase in

the job-offer arrival rate will benefit well-matched workers more than other

workers, i.e., that (8) is positive.

This prediction contrasts with implications of a standard Nash-bargaining

sharing framework (e.g., Pissarides, 2000) where w = η p+(1−η)b(λ ). In

this case, the only relevant outside option is the aggregate state (b(λ )); and the

wage effects of idiosyncratic productivity would remain constant if λ changes.

Our first empirical part studies whether the wage impact of idiosyncratic

productivity is pro-cyclical among workers who remain in their job.

Now, consider the wage for a worker who has moved to a new job in period

2 because p′ > p. Then, bargaining revolves around the quality of the old

match, regardless of the arrival rates of outside offers:

E
[
w | p′ > p, p, p′

]
= η p′+(1−η)p. (11)

This wage equation has an extremely simple form. The key prediction is that

previous match productivity matters for wages also in the new job. This is,

again, different from the standard sharing framework where the outside op-

tion at the market-level would replace the previous match productivity, p, in

equation (11).

Only workers that match with an alternative job before separating from their

initial job can use p as an outside option. If leaving/quitting before finding

alternative employment, the wage equation instead reverts back to w(p′,b).
The second empirical part estimates the wage-impact of previous match

quality for job-to-job (or EE) movers and for (ENE) movers with an interim

non-employment spell.

To summarize, our empirical work tests three predictions:

Prediction 1 (Stayers)
For stayers, the wage return to match quality in the current job is increasing in

the probability of obtaining an outside offer.

Prediction 2 (EE movers)
Match quality in the previous job has a positive impact on wages in the current

job for workers who have made an employment-to-employment move.

Prediction 3 (ENE movers)
Match quality in the previous job has no impact on wages in the current job

for workers who have moved to a new job with an intermittent spell of non-

employment.
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3 Data, variables and sample selection

3.1 Data sources and information

Our data are drawn from population-wide Swedish administrative registers.

They include linked information on individuals, workplaces and firms, and

basic individual characteristics such as age, education and municipality. Em-

ployment status in November is drawn from tax returns. Data cover 1985-

2013. Employment status is used to infer labor market experience (years ob-

served in employment, censored at 12).

The Wage Structure Statistics (WSS), covering 1997-2013, record hours-

adjusted wages and three-digit occupations (SSYK-96, corresponding to ISCO-

88) annually for half of the private and all public sector employees. Data cover

all the workers in sampled firms. The sampling probability increases in firm

size and all firms with 500 or more employees are sampled.

From the Swedish War archives, we add detailed measures of cognitive and

non-cognitive ability. These were collected during the Swedish military draft

procedure and are available for nearly all males in the 1951-1976 cohorts.

These were enlisted during 1969-1994 at age 18 or 19.

Finally, we collect aggregate data on unemployment from Statistics Sweden

and the Swedish Public Employment Service.

3.2 Variables and definitions

The definition of a job
We focus on match quality at the worker-job level. A job is an occupation at a

workplace.4 This allows skill requirements to vary between different occupa-

tions in a given workplace, as well as between different workplaces for a given

occupation.5

Local unemployment
Unemployment is measured at the workplace municipality level.6 It is com-

puted from individual-level information on non-employed job seekers (includ-

ing participants in active labor market programs) registered at the public em-

ployment service. We define unemployment as the annual incidence of reg-

istered job-seekers among all residents aged 20-64 (i.e., not just labor force

participants). Our results remain robust if we use other measures (see the ap-

pendix).

4Data cover 113 occupations. Our used sample cover 30,000 workplaces and 70,000 jobs.
5Sorting across both margins appear empirically relevant, see, e.g., Fredriksson et al. (2018)

and Choné et al. (2022).
6Sweden has 10 million residents, 290 municipalities and 21 counties.
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Multidimensional skills
Mood et al. (2012) and Lindqvist and Vestman (2011) provide extensive de-

tails on the test scores. Four skills are based on written tests. These capture

inductive reasoning, verbal comprehension, spatial ability and technical un-
derstanding (jointly cognitive ability). The remaining four are assessed during

a 25-minute interview with a trained psychologist. These capture social ma-
turity, psychological energy, intensity, and emotional stability according to

Mood et al. (2012) (jointly non-cognitive ability). We standardize the data to

mean zero and standard deviation one for each skill and cohort.

For our purposes, a key aspect of these scores is that workers with simi-

lar types of skills tend to be clustered into the same jobs as shown by, e.g.,

Fredriksson et al. (2018). Workers systematically sort into jobs where the re-

turn to their particular skill endowments are higher than in the average job.7

Match quality
Our measure of job-specific match quality builds on insights from Fredriksson

et al. (2018). The objective is to compare the skill set of a worker to the skill

requirements of the job. We use other workers who remain within the same job

to measure skill requirements. The presumption is that workers who remain

within a job are well matched, i.e., their skill set is likely to be well aligned

with the skill requirements of the job. We do not use coworkers who remain

for less than three years when calculating the skill requirements as these are

likely to be poorly matched.

For each worker i in job j, we calculate the average skill level along a

particular dimension k among other, tenured, incumbents in j. We denote

this average by s̃−i
j,k where “−i” represents all individuals except i. In contrast

to Fredriksson et al. (2018), we keep s̃−i
j,k constant across time within jobs to

ensure that the skill-requirement is not endogenous to the cycle.

For each skill-dimension k, we calculate the absolute difference between

individual skills si,k and s̃−i
j,k, and then sum over the eight dimensions. We let

Di, j denote worker i’s deviation from the skills of tenured co-workers in job j:

Di, j =
8

∑
k=1

∣∣si,k− s̃−i, j,k
∣∣

For ease of interpretation we construct our measure of match quality (M) as

the negative of the standardized distance D. This implies that a positive one-

unit change in our match quality measure is equivalent to a standard deviation

reduction in the distance to the skills of the coworkers:

7Fredriksson et al. (2018) also estimate significant wage returns to each of the different skills,

even conditional on education.
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Mi, j =−
(

Di, j−mean(Di, j)

sd(Di, j)

)
To assess the wage impact of match quality, net of constant skill differences

across workers and jobs, we always analyze Mi, j conditional on controls for

worker skills and job fixed effects.

The returns to skills
To understand our measure of match quality, consider a generic version of our

wage regressions:

wi, j = α j +β ′β ′β ′sssi +μMi, j + εi, j (12)

where α j is a job-specific fixed effects and sssi is a vector comprising all indi-

vidual skills. A marginal increase in si,k will have an effect through the market

(via βk) and an effect from job-match quality (through μ). Assume that mar-
ket returns to skills are positive (βk > 0 ∀ k) and that wages are increasing in

match quality (μ > 0).8

Match quality can either become better or worse if we increase si,k. Match

quality will increase if the worker is underskilled at job j in dimension k (i.e. if

si,k < s̃−i
j,k) which will generate an additional wage gain. But match quality will

deteriorate if worker i is overskilled, i.e. if si,k > s̃−i
j,k and we add further skills.

The overall wage impact (market returns + match-quality effects) of additional

skills for overskilled workers is therefore lower than the market returns.

The key takeaway is that the model allows the overall wage return to ad-

ditional skills to kink at the point of optimal match quality (i.e., at the point

where si,k = s̃−i
j,k).

3.3 Sample and descriptive statistics

Our sample consists of workers who were i) employed in year t, ii) sampled in

the WSS, iii) Swedish residents during [t−1, t +1] and iv) in our skills data.

We use data for 1997-2012 (to allow for a 1 year follow-up). We only use jobs

with at least five tenured coworkers to get a reasonable measure of average

skills within jobs.

Column (1) in Table 1 reports means and standard deviations in the used

sample. For comparison, column (2), describes all workers in the WSS. The

differences between columns (which are mainly driven by firm size) arise be-

cause we require jobs to have at least five male workers with skills within each

8For the general returns to skills, see Fredriksson et al. (2018). For the returns to match quality,

see the next section.
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job. The larger firm size makes both job stability and wages somewhat higher

than in the overall sample. Reassuringly (for external validity), the distribution

of occupations is similar across columns.

4 Empirical analysis

4.1 The overall impact of match quality and unemployment

We first show how match quality relates to wages and the probability of leav-

ing the initial workplace between year t and t + 1 (separations). We then re-

late local unemployment to wages and to the probability of doing a job-to-

job move (among all separations). For wages, we use unemployment during

the observed year t. For separations, we instead use unemployment in t + 1

since this better reflects the applicable market conditions between November

in years t and t + 1. We illustrate the patterns graphically after removing the

impact of key controls.9

The top left panel of Figure 1 shows that there is a strong positive rela-

tionship between the match quality of a worker and his wage. Moving from

the 10th to the 90th percentile of the (residualized) match-quality distribu-

tion is associated with approximately two percent higher wages. Similarly, a

well-matched worker has a significantly lower risk of separating from his cur-

rent workplace than poorly matched co-workers. The separation probability

is 0.5 percentage points lower for a worker on the 90th percentile compared

to a worker on the 10th percentile of the match quality distribution (the aver-

age probability is approximately 10 percent). The two lower panels show the

relationship between wages and the probability of separating to another em-

ployer, respectively, and unemployment. Local unemployment is associated

with lower wages—wages are 0.6 percent lower at the 90th percentile than at

the 10th percentile of the unemployment distribution—and less employment-

to-employment separations—an increase from the 10th to the 90th percentile

of the unemployment distribution reduces the job-to-job share by 0.6 percent-

age points.

4.2 Outside options and the sharing of rents with remaining
workers

This section examines Prediction 1 of Section 2. We thus ask how the returns

to workers’ match quality vary with local unemployment (our proxy for the

arrival rate of outside offers). Guided by the theory, we only include workplace

9We residualize wages, separations, match quality, and unemployment using: A 2nd order poly-

nomial in each skill, age, education, and experience fixed effects (FEs). In addition, the upper

two panels of Figure 1 control for job-by-year FEs (making local unemployment redundant);

the lower two panels use additive job and year FEs.
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Table 1. Characteristics of the main sample and all workers sampled in the WSS

Main sample All male workers in WSS

(1) (2)

Probability of separation .096 .137

log wage 10.181 (.363) 10.127 (.357)

Age 41.684 (8.285) 42.868 (11.721)

Years of schooling 12.477 (2.399) 12.37 (2.454)

Establishment size 534.1 (1035.7) 410.5 (948.0)

Years of workplace tenure

—1 to 3 .253 .345

—4 to 6 .193 .188

—7 to 9 .139 .121

—10 or more .415 .346

Occupation category (one-digit level)

—Legislators, senior officials, and managers .068 .084

—Professionals .229 .214

—Technicians and associate professionals .216 .204

—Clerks .05 .062

—Service workers and shop sales workers .053 .084

—Skilled agricultural and fishery workers .005 .007

—Craft and related trades workers .127 .119

—Plant machine operators and assemblers .215 .172

—Elementary occupations .038 .054

N 4,315,746 13,359,613

Notes: Column (1) reports the mean and (when relevant) the standard deviation of key vari-

ables in the main sample. For comparison, column (2) reports descriptive statistics for all male

workers for which we observe wages and occupation in the Wage Structure Statistics (WSS).
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Figure 1. How wages and separations relate to match quality and unemployment
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(a) Match quality and wage
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(b) Match quality and probability of leaving workplace
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(c) Unemployment and wage
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(d) Unemployment and prob. of employment among leavers

Notes: Panels (a) and (b) relate log wages and the probability of separating from the current

workplace between t and t +1, respectively, to match quality. Panel (c) plots log wages against

unemployment, while panel (d) relates the probability of being employed in t +1, for workers

that left the workplace between t and t + 1, to unemployment in t + 1. We have residualized

all variables with respect to a 2nd order polynomial in each of the eight included skills, age, as

well as education and experience fixed effects (FEs). In addition, panels (a) and (b) control for

job-by-year FEs; panels (c) and (d) hold job and year FEs constant.
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stayers (at least one year of tenure), but this is not crucial for the results. Job

movers are analyzed in the next section.

We regress wages (w) on match quality (M), local unemployment (u), and

the interaction between the two, while accounting for job fixed effects and the

direct impact of skills. More specifically, we estimate different versions of the

following model:

wi, j,l,t = α j,t +φ ul,t +δ Mi, j +μ (ul,t ×Mi, j)+g(sssi)+ul,t ×h(sssi)

+γ ′γ ′γ ′xxxi,t + εi, j,l,t , (13)

where i, j, l and t indexes individual, job, local labor market (municipality)

and year, respectively. We include fixed effects (α j,t) for each job (separately

by year in the tightest specification), which implies that we only identify the

return to match quality from within job variation. g(sssi) and h(sssi) are second-

order polynomials in each of the eight skill measures. we control flexibly for

skills to account for changes in market-wide returns to skills (through g(sssi))
and variation across the business cycle in skill returns (through ul,t×h(sssi)). Fi-

nally, xxxi,t includes a linear control for age, as well as experience and education

fixed effects.

For testing Prediction 1, μ is the key parameter of interest. We expect it

to be negative such that workers receive a smaller share of the surplus associ-

ated with match quality when the arrival rate of job offers is low (i.e., when

unemployment is high).10

The first three columns of Table 2 report the results from estimating differ-

ent versions of equation (13) using log wages as the outcome. Column (1) uses

additive job and year fixed effects, for which the main effect of unemployment

is identified. As previously shown, wages are on average lower when local un-

employment is high. Moreover, there is a positive (and precisely estimated)

return to match quality.

Crucially, the estimates on the interaction between match quality and un-

employment are all negative (and precise). When local unemployment falls,

the return to a good match thus grows. The magnitudes are non-trivial. For

ease of interpretation, Figure 2 (panel a), inter alia, plots the estimated return

to match quality (from column 2) along the distribution of local unemploy-

ment. The estimates suggest that if unemployment falls from the top to the

bottom end of the distribution, the return to a standard deviation increase in

match quality rises by 0.275 percent. This increase corresponds to 20 percent

(= 0.275/1.38) of the average return to match quality.

A possible concern is that the interaction between match quality and unem-

ployment picks up national trends, or time-invariant differences across munic-

10To facilitate interpretation of the estimates, we demean unemployment allowing us to interpret

the estimates for δ and φ as the average effect of match quality and unemployment, respectively.

Note, that φ is not identified when job-by-year fixed effects are included in the regression.
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ipalities, in the returns to match quality that are not caused by unemployment.

To address such issues, we interact Mi, j with year as well as municipality fixed

effects. These interactions imply that the model only relies on variation within

municipalities over time when identifying μ . Reassuringly, the estimate on

the interaction term is robust to allowing the returns to match quality to vary

across municipality and years (see column (3)). If anything, the coefficient on

the interaction term increases in absolute size.

In addition to using log wages as the outcome variable—the standard prac-

tice in reduced-form empirical work—equation (13) is also estimated using

wage levels—in better agreement with the standard theoretical formulation.

To make the wage measure comparable across time, and for ease of interpre-

tation, we standardize it (mean = 0, standard deviation = 1) separately by year.

Columns (4) to (6) of Table 2 report the results. The results are qualitatively

similar to those for log wages, and, thus the results do not depend on func-

tional form. But the interaction effect is more important relative to the average

return to match quality in columns (4)-(6) than in columns (1)-(3). Figure 2

(panel b) illustrates this point by showing the estimated return to match quality

(from column 5) along the distribution of local unemployment. If unemploy-

ment falls from the top to the bottom end of the distribution, the return to an

increase in match quality rises by 2.3 percentage points relative to the standard

deviation in wages. This increase corresponds to 52 percent (=2.3/4.42) of the

average return to match quality.

Figure 2 also provides non-parametric estimates of the return to match qual-

ity. Here, we group observations into 20 bins based on the ventiles of the un-

employment distribution. The return to match quality is then estimated using

a version of equation (13) which, instead of interacting match quality with un-

employment, interacts match quality with the dummies for each ventile bin.

The non-parametric estimates are well aligned with the predicted returns from

the main specification (which we take to be columns 2 and 5 in Table 2).

In the appendix, we report a large number of robustness checks for the rela-

tionships presented in this section. Among other things, we vary how standard

errors are calculated, use alternative definitions of local labor markets, use al-

ternative proxies for the arrival rate of offers (local employment instrumented

by a shift-share instrument, occupation-specific local employment, labor mar-

ket tightness), relate the return to match quality to the average unemployment

during workers’ tenure spells, give each municipalities equal weight irrespec-

tive of size, and incorporate individual × job fixed effects in our main specifi-

cation to hold fixed time-invariant match-specific non-observables. Our results

are robust across all these specifications.
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4.3 Match quality in the previous job and the wages of job
movers

One key prediction from multilateral wage bargaining is that workers who

voluntary move to a new job can use the old job as a distinct outside option

in order to bid up the wage in the new job. Thus, the wage in the new job

should be a function of match quality in the previous job; see Prediction 2 of

Section 2. Moreover, if there is some additional sharing motives, i.e., if the

new firm shares more of the surplus than what is required to outbid the old,

competing, firm, the quality of the new match should also influence starting

wages. The difference between the effects of previous and current match qual-

ity, which are measured in the same way, will indicate the relative importance

of counteroffers versus generic sharing motives.

However, previous match quality should only be useful for workers whose

previous jobs remain available. For workers that are laid off, or quit before

finding a new job, we therefore expect previous match quality to play no role

in bargaining; see Prediction 3 of Section 2.

To test these predictions, we identify all workers who switched to a new

firm between t − 1 and t.11 We refer to this set of workers as job-to-job (or

EE) movers. We also identify employed workers in t who were classified as

non-employed in t−1—and were thus likely hired from non-employment—

for whom we observe match quality and wages in t− 2.12 We refer to these

workers as movers with an interim non-employment spell (or ENE movers).

For the two groups, r ∈ {EE,ENE}, we estimate joint wage regressions

with controls for current and previous match quality interacted with indicators

for the two groups. The regressions also include the same controls for skills

and individual characteristics as the regressions in Table 2, as well as year

fixed effects. In addition, for each of our eight skill dimensions, we include a

second-order polynomial in the average skill level of the coworkers—for the

new job (gm
j′(s̃̃s̃s

−i
j′ )) as well as the previous job (gm

j (s̃̃s̃s
−i
j )).13 We thus estimate

different versions of the following model:

wi, j′, j,t =ρt +ωIEE
i,t + ∑

r∈{EE,ENE}
Ir
i,t

(
κrMi, j′+νrMi, j

)
+gm(sssi)+ψ ′xψ ′xψ ′xit +gm

j′(s̃̃s̃s
−i
j′ )+gm

j (s̃̃s̃s
−i
j )+ εi, j′, j,t , (14)

where j′ and j indexes the current and previous job, respectively. Ir
i,t is an

indicator for belonging to group r. We restrict the background controls to have

11In addition, we require that they have no previous experience from the new workplace, and

that we observe match quality and wages in both periods.
12We also require that they did not return to their old firm in t.
13This is a parsimonious way of controlling for the features of the new and the previous job. In

the appendix, we show that the results are robust to instead using unrestricted fixed effects for

the old and the new firm.
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Figure 2. The return to match quality along the unemployment distribution
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Non-parametric estimates of the return to match quality
Predicted return to match quality from main specification

Notes: Non-parametric estimates are obtained by grouping data into 20 bins based on the ven-

tiles of the distribution of u j,t . The return to match quality is then estimated using a version of

equation (13) which interacts match quality with the indicators for each bin. Panel (a) shows

the estimates, and the 95-percent confidence intervals based on robust standard errors, for log

wages while (b) presents the same information for wage levels standardized (mean = 0, standard

deviation = 1) separately by year. The solid lines show the predicted return to match quality

based on the estimates in columns (2) and (5) from Table 2.
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the same impact across the two groups. ω corresponds to the average wage

premium of being hired from employment compared to non-employment; κr

and νr informs us about the importance of new and previous match quality for

group r.

The results are reported in Table 3. Columns (1)-(3) report results for log

wages while the results for standardized wages are reported in columns (4)-(6).

In columns (1) and (4), we start by relating wages to current match quality. We

then introduce previous match quality in columns (2) and (5). Note, we have

58,053 workers which we classify as EE movers, while (only) 1,784 workers

are classified as ENE movers.

The estimated return to match quality for the group of EE movers is large

and statistically significant. When we add previous match quality to the re-

gression, the estimated effect of current match quality approximately halves in

size. Through the lens of the model, this can be interpreted as current match

surplus being shared between workers and firms. The implied estimate of the

sharing parameter (η of Section 2) is 0.41.14 Most importantly, there is a sig-

nificant and even stronger relationship between previous match quality and the

current wage, conditional on current match quality. This strongly suggests that

counteroffers from the old employer play an important role in wage setting.

On average, job-to-job movers have a substantially higher wage in their new

job compared to movers with interim non-employment (see the coefficient on

“EE mover”). For ENE movers, current match quality appears to be important.

In relation to Prediction 3, we note that previous match quality for the ENE

group appear irrelevant; the estimate for ENE× previous match quality—i.e.,

νENE —is virtually zero (see column 2).15

The impact of the previous match quality may, in principle, be mediated by

the previous wage. To see what role previous match quality plays, conditional

on previous wages, columns (3) and (6) report results from an augmented

version of equation (14) where we introduce group-specific effects of the wage

in the previous job. These specifications naturally reduce the impact of match

quality, since wages depend on match productivity. Nevertheless, previous

match quality is still significant for EE movers.

14This is obtained as 0.0112/(0.0112 + 0.0164), where the normalization takes into account

that we only observe a proxy for match quality rather than match productivity. In columns

(3), (5), and (6), an analogous exercise produces estimates of η equaling 0.26, 0.44, and 0.40,

respectively.
15In the appendix, we report estimates from separate regressions for the two groups. Overall, the

results are qualitatively robust, with one exception: Current match quality does not seem to be

as important as indicated by the pooled regression. With that said, one should keep in mind that

there are only 1,784 workers in the ENE group.
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Table 3. Wage regressions for job movers

Log wage Standardized wage

(1) (2) (3) (4) (5) (6)

EE mover 0.130 0.130 0.115 0.240 0.240 0.250

(0.00544) (0.00548) (0.00864) (0.0129) (0.0130) (0.0408)

EE × new 0.0201 0.0112 0.00109 0.0657 0.0395 0.00793

match quality (0.00163) (0.00198) (0.00129) (0.00517) (0.00614) (0.00401)

ENE × new 0.00908 0.0144 0.00303 0.0434 0.0420 0.0105

match quality (0.00492) (0.00683) (0.00554) (0.0115) (0.0161) (0.0112)

EE × prev. 0.0164 0.00305 0.0493 0.0117

match quality (0.00191) (0.00127) (0.00596) (0.00399)

ENE × prev. -0.00121 0.00102 0.0201 0.00527

match quality (0.00673) (0.00559) (0.0159) (0.0110)

EE × prev. 0.773 0.745

wage (0.00425) (0.0187)

ENE × prev. 0.455 0.420

wage (0.0219) (0.0565)

N 59,837 59,837 59,837 59,837 59,837 59,837

R2 0.612 0.612 0.844 0.367 0.368 0.740

Notes: “EE movers” are workers who changed firms between t− 1 and t. “ENE movers” are

workers who changed firms between t− 2 and t with an intermittent spell of non-employment

in November t − 1. We also require that we observe wages and match quality in the current

and previous job. All regressions include controls for education and experience fixed effects, a

linear control for age, and a second-order polynomial for each of the eight skills. In addition,

we control for a second-order polynomial for the average in each skills among tenured workers

in the previous as well as current job. The sample includes 58,053 EE movers, and 1,784 ENE

movers. Robust standard errors in parentheses.
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5 Conclusions

We offer two pieces of evidence that workers can use outside offers to ex-

tract rents from match productivity. Using a match quality measure based on

the alignment between workers’ multidimensional abilities and the skill re-

quirements of their jobs, we show that: (i) Wages within ongoing matches

are more closely aligned with match quality following an improvement of lo-

cal labor market conditions; (ii) Wages of job movers are positively related

to the match quality in the previous job, even when controlling for previous

wage, while wages of workers who are hired after a non-employment spell are

unrelated to the match quality in the last job.

These finding run counter to the standard wage bargaining framework, as

well as the typical reduced form rent-sharing set-up, which are based on the

assumption that the impact of idiosyncratic rents and outside options are addi-

tively separable in the wage equation.

Our findings have clear implications for wage inequality: When firms are

prepared to make counteroffers, there will be wage dispersion among workers

who are equally productive within a given match. Moreover, since the wage

returns to match quality grow larger, within-firm wage inequality due to varia-

tion in match productivity among incumbent workers increases when the state

of the labor market improves.
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Appendix A Simulations

This section analyzes the derivative of the expected wage for job stayers with

respect to the arrival rate of offers and match quality, i.e., the sign of:

∂ 2E[w | p′ ≤ p, p,λ ]
∂ p∂λ

=
(1−η)F ′(p)

(1−λ +λF(p))2

[
(p−E(p′s))+(1−2θ)(E(p′s)−b)

]
.

(A1)

More specifically, we investigate which distributional assumptions, as well as

values of λ , b and p, that lead to a negative sign of equation (A1).

To this end, we simulate the model in Section 2 using three different dis-

tributions for match quality: The Normal(5, 1); The Log-Normal(0, 1); And

the Uniform(0, 1). For each distribution, the simulation considers values of

λ ,F(b) ∈ {0.01,0.02, . . . ,0.99}.
For all possible values of λ ,F(b), we randomly generate a value of pi for

10 000 individuals indexed by i, discarding those with pi < b. Each individual

is then given the chance of drawing an outside offer in the second period.

More specifically, we calculate the best outside option as max{b,−α +B(λ )
× (p′i +α)}, where the Bernoulli trial B(λ ) determines whether the worker

matched with a new firm, p′i is the random value of that match, and α is a

large value such that −α < b. Observations with outside options outside the

range [b, pi] are removed, i.e., we only retain job stayers.

We proceed by calculating F(pi), F ′(pi) and E(p′si) =E[p′i | b< p′i < pi, pi]
for all individuals. These values are then plugged into (A1). Finally, for all

combinations of λ ,F(b), we calculate the average derivative over the simu-

lated pi distribution for stayers. This average is a close approximation of the

empirical estimate on the interaction between the arrival rate and match quality

in the wage regression for stayers.

For both the uniform and the lognormal distributions, equation (A1) is posi-

tive for all values of λ ,F(b), and F(p). In fact, this can be proven analytically

for the uniform distribution, as briefly discussed in Section 2. Moreover, the

right skewness of the lognormal distribution typically causes E[p′i | b < p′i <
pi, pi] to be closer to b than to pi. In turn, this implies that (A1) is positive as

also noted in Section 2. It is only for the normal distribution that (A1) can turn

negative. But this only happens at extreme values of the arrival rate—values

which are not observed empirically (see Faberman et al., 2022, and Hornstein

et al., 2011)16 —and low levels of b.

The dark (light) squares in Figure A1 show combinations of F(b) and λ
where (A1) is negative (positive) when averaged over the distribution of p.

16Faberman et al. (2022)’s analysis suggests a monthly arrival rate for employed workers of

0.081. The probability of receiving at least one offer in a year can then be calculated as (1−
(1−0.081)12). Thus, converted to an annual frequency, this implies λ = 0.637.
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Figure A2 presents the analogous information for different decile groups of

the simulated F(pi) distribution.

Figure A1 shows that a negative sign of (A1) requires λ ≥ 0.88 when

F(b) = 0.01. With a slight increase in b to F(b) = 0.05, the requirement

is λ ≥ 0.97.

Figure A2 shows that the middle deciles of the F(p) distribution drive the

average illustrated in Figure A1. For decile groups with relatively low and

high match quality, however, a negative value of (A1) is associated with even

more extreme values of λ and F(b).
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Figure A1. Sign of equation (A1), averaged over the distribution of p, for different

values of λ and F(b)
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Appendix B Robustness checks for remaining workers

This section describes a battery of robustness checks, the majority of which

are reported in Table B1, in order to determine the sensitivity of the results

reported in Section 4.2. Among other things, we produce different standard

errors, vary at which level local unemployment is measured, introduce alter-

native proxies for local labor market tightness/expected outside option relevant

for each individual, and vary the controls and fixed effects that are included in

the main specification (see equation (13)). If not stated otherwise, all regres-

sions include the same controls as columns (2) and (5) in Table 2, i.e., job ×
year fixed effects as well as the controls that are shared across all models.

Table B1 reports the estimate and standard error for the interaction between

match quality and applicable proxy for workers’ expected outside options (the

equivalent of μ from equation (13)). The table also reports the difference be-

tween the 90th and 10th percentile of the outside option proxy distribution, and

for ease of interpretation and comparison, the estimated difference in match

quality returns between these points, i.e., μ̂ × (P90−P10).

Alternative definitions of local labor markets
The main analysis utilizes workplace municipality unemployment. Measur-

ing unemployment at a more aggregate level does not call into question our

main results; if anything, the heterogeneity in returns to mismatch with re-

spect to unemployment is marginally larger when using unemployment in the

workplace local labor market or county. Moreover, using the annual unem-

ployment incidence in the residential municipality of each worker, which may

vary within each job × year cell, yields very similar results.17

Actual and instrumented municipality employment
We’ve also substituted unemployment for the logarithm of the number of em-

ployed workers in the workplace municipality. Naturally, employment is ex-

pected to have the opposite influence on the return to match quality as unem-

ployment.

Next, we construct a plausibly exogenous measure of local labor market

conditions by instrumenting log employment using a shift-share/Bartik (1991)

style instrument. The instrument is based on the national deviation in industry

s and year t from the industry average logarithm of employment. The em-

ployment in each municipality and year is then predicted based on the local

industry composition in 1997 using the following formula:

ln(employment)Instr.
l,t =∑

s
Sharel,s,1997×

(
ln(employment)s,t − ln(employment)s

)
, (B1)

17The main effect of residential municipality unemployment on wages, which is not reported

in any table, is also both statistically and economically significant, which suggests that cross-

municipality-border commuters may be influenced by their residential municipality conditions.
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where Sharel,s,1997 is the fraction of all workers in municipality l in 1997 that

were employed in industry s. We use the highest level of aggregation in the

Swedish Standard Industrial Classification, which includes 21 different indus-

try categories.

Regressing standardized employment, ln(employment)l,t − ln(employment)l ,

onto the instrumented standardized log employment using 4913 observations

at the municipality-year level returns a coefficient of around 0.9 with a t-value

of 64, and so the first stage equation is sufficiently precise. Instead of per-

forming the full two-stage least squares analysis, we settle for the reduced

form, i.e., we directly substitute unemployment with the instrument in equa-

tion (13). The return to match quality increases with both the actual and instru-

mented normalized logarithm of employment. The interaction effect estimates

are also similar in size.

Occupation-specific local employment
The benefit of using occupation-specific local employment is that it is arguably

a more relevant measure for each worker of available jobs and proxy of labor

market tightness, and that it also exhibits within-municipality and year varia-

tion.

We use occupation categories at the three-digit level of SSYK-96 to be con-

sistent with our previously described definition of a job.18

First, we use the logarithm of the number of employees in each occupation

× municipality × year cell as the proxy for tightness. Next, we residualize

this measure by running a regression at the same level of observation which

incorporates municipality × year and occupation × year fixed effects, which

implies that the variation in the residuals will stem from the deviation from the

national occupation-specific employment and local overall employment in a

given year. Both variants are reported in Table B1, and in both cases the return

to match quality is increasing in occupation-specific employment. Moreover,

there is more heterogeneity in match quality returns across the occupation-

municipality log employment distribution compared to local unemployment.

Vacancies relative to unemployment
To construct an additional proxy of tightness, we use the number of new va-

cancies that have been added to the Swedish Public Employment Service job

portal Platsbanken in a municipality during a particular year and divide it by

the number of openly unemployed. The measure is then standardized to mean

18We have also investigated whether the local unemployment-specific returns to match quality

vary by occupation by, in our main specification, interacting M and M × u (where u is either

unemployment or occupation-specific local employment) by broad occupation group (one-digit

level) indicators. The match quality and interaction term estimates have the expected sign, and

are both statistically and economically significant, in most occupation groups. This suggests

that the return to match quality is responsive to workers’ outside options across broad occupa-

tion categories.
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zero, standard deviation one. Again, we find that, when the relative number of

vacancies is low, so is the return to match quality. One issue here is that the

vacancies likely only represent a subset of available jobs in the local economy.

Share of separations to employment
The final alternative proxy of the arrival rate of outside offers is the share of

workers that separate from their initial workplace between t − 1 and t that

are categorized as employed in t. The share is calculated at the workplace

municipality in t − 1 and year level, and workers are allowed to transition

between municipalities. This is equivalent to the measure used in panel (d) in

Figure 1.

Unemployment during tenure spell
One may argue that it is the history of unemployment that a worker has ex-

perienced while in a particular job that should affect to what extent his match

quality can be converted into a high wage. Therefore, we have calculated the

average municipality log unemployment during each worker’s tenure spell,

censored at 15 years. Unfortunately, municipality-level data on unemploy-

ment is only available from 1997, and so we’re forced to exclude around half

of all observations, especially with long tenure and in the early years of our

sample.19

An alternative match quality proxy
To see whether our results are sensitive to how we define match quality, we

have constructed an alternative proxy based on the wage returns to abilities

within each job compared to the market-wide returns for the same abilities.

The idea is that the job-specific returns are informative about the importance

of each ability. However, one disadvantage to this method is the noisiness of

the estimates for small job cells. To construct the measure, for each job j, we

estimate a regression of the following form:

wi, j,t = α j,t +β ′β ′β ′ Job
j sssi + εi, j,t , (B2)

where α j,t is a set of job-times year fixed effects, the vector sssi comprises the

eight skill measures, and the vector β ′β ′β ′ Job
j contains the returns to each skill for

job j.
We also estimate the same regression for all workers simultaneously, treat-

ing the whole market as a single job, to obtain market-wide returns, β ′β ′β ′ Market.

Our wage-based match quality metric, Mwage
i, j , is calculated as follows. To

remove outliers, we exclude observations below the 1st and above the 99th

19To be able to compare these estimates to the baseline estimates, we have also re-estimated our

main specification for this subset of observations. The interaction estimates for log wage and

standardized wage are around -0.00177 and -0.0256, respectively.
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percentile of the Mwage
i, j distribution. We also standardize it to mean zero, stan-

dard deviation one, to make it comparable to our baseline match quality proxy:

Mwage
i, j =

(
β̂ ′β̂ ′β̂ ′ Job

j − β̂ ′β̂ ′β̂ ′ Market
)

sssi−mean
((

β̂ ′β̂ ′β̂ ′ Job
j − β̂ ′β̂ ′β̂ ′ Market

)
sssi

)
sd
((

β̂ ′β̂ ′β̂ ′ Job
j − β̂ ′β̂ ′β̂ ′ Market

)
sssi

) . (B3)

The interaction term between Mwage
i, j and unemployment reveals to what extent

the relationship between predicted skill-bundle return in workers’ jobs relative

to the market and their actual wages relates to unemployment.

Alternative specifications
To verify that our results are not driven solely by large municipalities (e.g.,

Stockholm), and hold also in smaller settings, we have weighted the regres-

sions with the inverse of the number of observations in each municipality ×
year cell, thus putting equal weight on each cell. The interaction effect remains

highly statistically significant and similar in size.

Finally, individual × job fixed effects have been added to the specification

which also incorporates job × year fixed effects. This removes any constant

wage differences between individuals and jobs. Put differently, we then rely on

within individual and job variation in wages and local unemployment across

time to identify the interaction between match quality and unemployment. The

resulting interaction estimate for log wages is somewhat more negative, while

the estimate for standardized wages is less negative, than the preferred speci-

fications reported in Table 2, columns (2) and (5).20

20In unreported regressions, we have also included individual and job × year fixed effects as

well as only individual × job fixed effects.
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Table B1. Robustness checks for job stayers

Log wage Standardized wage

Coef. Coef.×(P90 - P10) Coef. Coef.×(P90 - P10)

(SE) [P90 - P10] (SE) [P90 - P10]

(1) (2) (3) (4)

(a) Standard errors

Clustering at municipality -0.00263 -0.00177 -0.02162 -0.01455

× year level (0.00072) [0.67315] (0.00432) [0.67315]

Clustering at job -0.00263 -0.00177 -0.02162 -0.01455

level (0.00126) [0.67315] (0.00535) [0.67315]

Twoway clustering at -0.00263 -0.00177 -0.02162 -0.01455

muni. × year and job (0.00131) [0.67315] (0.00635) [0.67315]

(b) Alternative local labor markets

Residential -0.00425 -0.00316 -0.03706 -0.02761

municipality (0.00049) [0.74497] (0.00243) [0.74497]

Workplace local -0.00458 -0.00296 -0.03301 -0.02132

labor market (0.00055) [0.64581] (0.00239) [0.64581]

Workplace -0.00473 -0.00291 -0.03637 -0.02236

county (0.00059) [0.61468] (0.00258) [0.61468]

(c) Alternative proxies of expected outside option

ln(employment)l,t− 0.01968 0.00331 0.02585 0.00435

ln(employment)l (0.00203) [0.16817] (0.00879) [0.16817]

Instrumented 0.02309 0.00297 0.02435 0.00313

ln(employment)l,t (0.00276) [0.12858] (0.01205) [0.12858]

Occupation-specific 0.00167 0.00770 0.00996 0.04592

ln(employment) (0.00009) [4.60852] (0.00047) [4.60852]

Residualized occ. 0.00137 0.00373 0.00558 0.01517

ln(employment) (0.00012) [2.72120] (0.00041) [2.72120]

# New vacanciesl,t/ 0.00046 0.00094 0.00727 0.01485

# Unemployedl,t (0.00016) [2.04292] (0.00082) [2.04292]

Share of separations 0.01841 0.00235 0.11400 0.01458

to employment (0.00256) [0.12793] (0.00995) [0.12793]

Mean local unemployment -0.00309 -0.00200 -0.02851 -0.01847

during tenure spell (0.00082) [0.64791] (0.00297) [0.64791]

(d) Alternative match quality proxy

Wage-based -0.00361 -0.00243 -0.02611 -0.01757

match quality (0.00052) [0.67315] (0.00209) [0.67315]

(e) Alternative specifications

Weighted using 1/N -0.00334 -0.00225 -0.00937 -0.00631

at muni. × year level (0.00080) [0.67315] (0.00190) [0.67315]

Individual × job -0.00598 -0.00403 -0.01409 -0.00948

and job × year FE (0.00056) [0.67315] (0.00248) [0.67315]

Notes: Columns (1) and (3) report the estimates and standard errors (in parenthesis) for the interaction

between match quality and proxy of workers’ expected outside options. Columns (2) and (4) report the

predicted difference in the effect of match quality between the 90th and 10th percentile of the outside

option proxy distribution, and the difference between the 90th and 10th percentile (in brackets). See also

the description of Table 2. All regressions include the same controls as the model reported in column (2) in

that table. See the description of the robustness checks in the main text.
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Appendix C Robustness checks for workplace movers

This section reports results from robustness checks for the wages of workplace

and firm switchers. Table C1 reports estimates from regressions estimated

separately for job-to-job switchers between t−1 and t and switchers between

t−2 and t with interim non-employment in t−1 of the following form:

wi, j′, j,t =ρt +κMi, j′+νMi, j +gm(sssi)+ψ ′xψ ′xψ ′xit +gm
j′(s̃̃s̃s

−i
j′ )+gm

j (s̃̃s̃s
−i
j )+ εi, j′, j,t .

(C1)

See the description of equation (C1) in the main text for definitions of each

variable and subscript.

The results from these regressions are reported in Table C1. Again, we see

that previous match quality is more important for EE relative to ENE switch-

ers. However, now match quality in the new firm does not appear to be impor-

tant for ENE switchers either, which is different from when estimating joint

regressions for the two switcher groups. However, given the small sample of

ENE switchers, we are cautious regarding how to interpret these results.

We have also estimated joint regressions for EE and ENE switchers where

we augment the model from equation (C1) by introducing job fixed effects.

Whenever such job fixed effects are included, the average skill controls for

co-workers are rendered superfluous. These results are presented in Table

C2. The regressions are again estimated both for log wages (columns (1)-

(3)) and standardized wages (columns (4)-(6)). In columns (1) and (4), we

control for fixed effects for the new job of the worker, in (2) and (4) we instead

include fixed effects for the previous job, and both types of fixed effects are

included in columns (3) and (6). In the last version of the model, we rely on

variation stemming from multiple workers leaving the same job with different

destinations and multiple workers entering into the same job from multiple

sources. In this model, around one third of our sample is in effect lost due to

lack of variation.

The results are well in line with those from Table 3: For EE switchers, both

new and previous match quality is important for wages, and the estimate for

previous match quality is larger than that for current match quality throughout

the table. For ENE switchers, previous match quality appears to mostly play

a minor role for wages, while the estimate for current match quality is often

relatively large and on par with the estimate for EE switchers.
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Table C2. Robustness checks for job movers

Log wage Standardized wage

(1) (2) (3) (4) (5) (6)

EE switcher 0.0659 0.0696 0.0631 0.134 0.106 0.138

(0.00658) (0.00768) (0.00790) (0.0177) (0.0190) (0.0244)

EE × new 0.00593 0.00426 0.00576 0.0190 0.0183 0.0233

match quality (0.00228) (0.00240) (0.00242) (0.00759) (0.00756) (0.00892)

ENE × new 0.0216 0.0103 0.00118 0.0611 0.0255 0.0184

match quality (0.00888) (0.0103) (0.0104) (0.0249) (0.0250) (0.0290)

EE × prev. 0.0101 0.0119 0.0107 0.0320 0.0354 0.0260

match quality (0.00209) (0.00227) (0.00233) (0.00711) (0.00734) (0.00884)

ENE × prev. -0.00783 -0.00415 0.00950 -0.0166 0.0101 0.0168

match quality (0.00791) (0.0104) (0.0111) (0.0195) (0.0252) (0.0303)

New job FE � � � �
Prev. job FE � � � �

N 50 625 49 723 39 540 50 625 49 723 39 540

R2 0.866 0.856 0.889 0.715 0.710 0.743

Notes: The table reports the results from regressions on wage in t for workers that moved

between workplaces and firms between t−1 and t and workers who moved between t−2 and

t who were classified as non-employed in November in t−1 for which we observe wages and

match quality in the last job and current job. All regressions include controls for education

and experience fixed effects, a linear control for age, a second-order polynomial for each of the

eight skills and skills squared, and a second-order polynomial for the average of all skills among

tenured workers in the previous as well as new job. Each column incorporates fixed effects for

the current job, previous job or both. Whenever fixed effects are incorporated, the average skill

controls are rendered superfluous. The sample includes 58 053 observations with employment

in t−1 and 1 784 observations with non-employment in t−1. Standard errors are clustered at

the current job level in columns (1), (3), (4) and (6) and at the previous job level in columns (2)

and (5).
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1 Introduction

The refugee crisis of 2015–16 resulted in large immigrant inflows from coun-

tries in the Middle East and Africa to Europe. It is well documented in sev-

eral countries that refugees, and especially female refugees, experience poorer

labor market outcomes—e.g., lower employment and higher unemployment

rates—than both natives and other groups of foreign born (see, e.g., Brell et

al., 2020). In many cases it takes a long time after arrival for both refugees and

their relatives to find stable employment. A large share of immigrants from the

Middle East and Africa lack higher levels of education, preventing them from

entering the skilled segments of the labor market. Poor language proficiency

may also be an obstacle for labor market integration.

There is an ongoing discussion, both in policy circles and in academia, re-

garding the value of labor market experience and language skills for the labor

market integration of immigrants (see, e.g., OECD, 2018). A key idea is that

the first job significantly improves labor market prospects, making a worker

better suited for, and more able to find, subsequent employment opportunities.

The question then becomes how to facilitate labor market entry as soon after

arrival as possible. The fact that language skills are strongly correlated with

favorable labor market outcomes is often used as confirmation of the impor-

tance of language training. However, despite the obvious policy relevance of

these issues, causal evidence on the impact of labor market experience and

language training on the integration of immigrants is scarce.

This article studies job opportunities for refugee immigrants in Sweden,

a country which has experienced a very large inflow of refugee immigrants

in recent years. We focus on the effects of language training provided via

the Swedish for Immigrants (SFI) program and labor market experience in

low-skilled jobs in a field experiment. In the experiment, we investigate the

impact of experience from jobs as restaurant assistants and completed SFI

for foreign-born job seekers. Applications were sent from randomly assigned

fictitious Syrian refugees with different levels of previous experience and lan-

guage training, to employers who advertised low-skilled job vacancies. Syr-

ians constitute the largest group of foreign born in Sweden. This allows us

to put more focus on the effects of skill variation within a particular refugee

group.

We complement the field experiment with interviews with a select num-

ber of employers with extensive experience of handling applications for low-

skilled jobs from persons originating from Middle Eastern and African coun-

tries. While this evidence is only suggestive in nature, it nevertheless provides

some insights into what employers look for when judging job candidates. It is

also informative about how actual applications are typically written. In these

respects, the interviews serve as a check on our results from the field experi-

ment. But they should also be of interest in their own right.
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In the econometric analysis, we are unable to demonstrate sizeable effects

of previous experience or completed language training on the probability of

callback from employers. However, females were more likely than males to re-

ceive a positive response on their applications. Most of the respondents in our

employer interviews reported that they do not attach much value to previous

experience and completed SFI. When judging applicants, the respondents had

a very functional approach, considering the requirements of the task at hand

and the potential for a long-term relationship rather than formal qualifications.

They also put much emphasis on how motivated job candidates are. Moreover,

some of the employers disclosed a preference for hiring females over males,

because the former were regarded as more conscientious and adaptable. These

qualitative results support our findings in the experiment.

Our study contributes to several literatures on the impact of work expe-

rience and language skills on labor market prospects for immigrants. Eco-

nomic theory suggests that low-skilled jobs may lead to more qualified jobs

if individuals increase their human capital by means of on-the-job-training

or learning-by-doing (Becker, 1962). The transferability of skills between

jobs is then of crucial importance. Moreover, such jobs may improve social

capital through an expanded professional network (see, e.g., Calvo-Armengol

and Jackson, 2004). Previous experience may also serve as a productivity

signal when applying for other jobs (see, e.g., Spence, 1973). This may be

so even if a worker’s human capital is unaffected—simply exhibiting suffi-

cient skills to handle a certain job may make a worker more attractive to other

firms. Language skills can be considered an investment in the individual’s hu-

man capital, and may also signal higher productivity (Chiswick and Miller,

2015). Taken together, these theories suggest that foreign-born persons, and

especially refugee immigrants, may be disadvantaged by poor language skills,

little work experience and inadequate professional networks.

The role of labor market experience, occupational sorting, and job mobil-

ity for the labor market assimilation process has been studied extensively in

empirical work (see, e.g., Husted et al., 2001, Chiswick et al., 2005, Barth et

al., 2012, and Brenzel and Reichelt, 2018). Other observational studies show

that proficiency in the language spoken in the host country is associated with

higher employment and higher wages for immigrants (see, e.g., Chiswick and

Miller, 2015, and Yao and Ours, 2015, for surveys). There is also some evi-

dence indicating that a large part of the difference in labor market outcomes

between immigrants and natives can be explained by differences in language

proficiency, as measured by tests, and not by differences in returns to these

skills (see Ferrer et al., 2006, and Himmler and Jäckle, 2018). Consequently,

it should be of great policy interest to investigate the labor market effects of

government-sponsored, formal language training for adult immigrants. How-

ever, there are few such studies that allow a causal interpretation. Two recent

exceptions are Lochmann et al. (2019) and Arendt et al. (2020), utilizing re-
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gression discontinuity designs to show that language classes improve the labor

market integration of immigrants.

In general, though, the findings in the literatures that we have discussed

cannot be interpreted as necessarily reflecting causal relationships. Labor mar-

ket experience and language skills may be correlated with other unobserved

characteristics that influence outcomes under investigation. Unlike previous

observational studies on immigrants, our experimental approach enables us to

identify causal relationships between, on the one hand, experience from a low-

skilled job and language skills, and, on the other hand, employment prospects.

Our design also allows for examining the impact of combinations of the two

qualifications.

Our most salient result is that female applicants receive more callbacks than

males. This is in line with other correspondence studies for the Swedish labor

market, documenting that, compared to females, male applicants with foreign-

sounding names are less likely to receive a positive response from employers

(Arai et al., 2016; Vernby and Dancygier, 2019; Erlandsson, 2022). This evi-

dence appears to be consistent with theories in social psychology postulating

that mainly males are subject to stereotypes about foreign nationalities (see

Manzi, 2019, for a literature survey). But it is inconclusive as to whether

gendered ethnic discrimination is more pervasive in female-dominated occu-

pations.1

Previous correspondence studies dealing with assimilation in the labor mar-

ket typically do not concern refugee immigrants (but native-born persons with

foreign or minority background), rarely consider variations in work experi-

ence, usually do not focus on typical entry occupations for immigrants, and

typically do not examine the impact of variations in language skills within a

minority group. However, some correspondence studies compare the returns

to work experience for foreign born or a minority group to those of natives or

members of the majority group (see, e.g., Bertrand and Mullainathan, 2004,

Vernby and Dancygier, 2019, and Adermon and Hensvik, 2022). The typical

finding in these studies is that experience is less rewarded, in terms of call-

back rates, for foreign born or minority groups. However, Baert et al. (2017)

find that differences in returns to experience diminish and eventually disap-

pear with longer experience in skilled jobs. To the best of our knowledge,

the only comparable previous correspondence study on language proficiency

is Edo et al. (2019), which, unlike our experiment, focuses on skilled jobs and

has job applicants in France signaling language skills by participation in lan-

guage related activities other than language classes, such as tutoring in French

and membership in reading clubs. The results indicate that signal inclusion

1There are also Swedish correspondence studies with native applicants only that document

higher callback rates for females in female-dominated occupations (Carlsson, 2011; Carlsson

and Eriksson, 2019).
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reduces discrimination against females with non-French-sounding names, but

not against male minorities.

Based on our findings, we conclude that previous experience and completed

SFI seem to provide at best a small positive signaling value when refugees ap-

ply for low-skilled jobs through formal channels. Effects of low-skilled job

experience and language training may, however, be driven by other mecha-

nisms outside our experimental setting, such as better access to informal ca-

reer paths or personal networks. The fact that females from Middle Eastern

and African countries have lower employment rates than males from these re-

gions cannot be explained by females being less likely to be contacted for an

interview, according to our experimental data. This indicates that the inte-

gration of foreign-born females could be improved if they apply for jobs to a

greater extent—and more so than for males.

The remainder of the paper is organized as follows. The next section pro-

vides a background on the labor market situation for immigrants in Sweden.

The correspondence study, involving newly arrived immigrants from Syria,

is presented in Section 3. Section 4 reports the findings from the employer

interviews and Section 5 concludes the paper.

2 The immigrant population in Sweden

During recent decades, immigration to Sweden has consisted mainly of refugees

and their relatives, most of them originating from countries outside Europe. Of

Sweden’s total population of somewhat more than 10 million in 2021, around

2 million, or about 20 percent, are foreign born. The foreign-born population

has doubled in size during the last 20 years, but Sweden has a fairly long his-

tory of immigration and its characteristics have changed over time. (For an

overview of Sweden’s immigration history, see, e.g., Boguslaw, 2012.) Since

the turn of the millennium, immigration from certain countries in the Mid-

dle East (Syria and Iraq) and Africa (Somalia) have accounted for most of

the migration to Sweden. The increase of people with background in non-

European countries has been considerable during the 2000s. In 2000, about

220,000 and 55,000 individuals in the Swedish population were born in Asian

and African countries, respectively. In 2021, the corresponding numbers have

increased to about 780,000 and 230,000 individuals. The refugee immigration

reached historically high levels in 2015 and 2016 when refugee immigration

from countries in the Middle East, with Syria and Iraq as the dominating coun-

tries, increased as a result of the civil wars in the region. During the peak of

what is known as the “refugee crisis” in 2016, more than 70,000 individu-

als were granted residence permit as refugees in Sweden and an additional

40,000 were granted such permit as “tied movers”. Most of the residence per-

mits during 2016 were admitted to refugees from Syria, and around 60 percent

to males. Today, Syria is the dominating immigrant country in Sweden and
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about 200,000 individuals in Sweden are born in Syria. Furthermore, around

150,000 individuals are born in Iraq and 70,000 are born in Somalia.

2.1 Educational attainment

Table 1 shows the educational attainment for the entire immigrant population

in Sweden and for immigrants originating from Iraq, Somalia and Syria, re-

spectively, in the age span 25 to 64 years. The foreign-born population are

overrepresented among individuals with nine years of compulsory schooling

or shorter education. This picture is most pronounced for individuals from

Iraq, Somalia and Syria. Among immigrants from Syria and Iraq, around 30

percent had nine years of compulsory schooling or less and the corresponding

figure for immigrants from Somalia is over 50 percent. This can be compared

to 10 percent in the native-born population. Table 1 also highlights the fact that

only 5 percent of the immigrants from Somalia have a university education that

is three years or longer. For immigrants from Syria this share amounts to 15

percent. The figures can be compared to 27 percent in the native population.

2.2 Labor market integration

Several studies have documented differences in labor market outcomes be-

tween groups of immigrants in Sweden (see, e.g., Aldén and Hammarstedt,

2015, and Calmfors et al., 2018, for an overview). While immigrants origi-

nating from countries in Western Europe are doing about as well as natives on

the labor market, low employment rates and high rates of unemployment char-

acterize immigrants born in the Middle East and Africa. Table 2 shows the

labor market situation for immigrants from the Middle East and Africa and

also for immigrants originating from the three major non-European immigrant

countries in 2017. Employment rates are considerably lower for immigrants

from these regions than for natives, and this pattern is even more pronounced

for females. For male immigrants, the employment rate differential to natives

ranges between 25 (Iraqis) and 46 percentage points (Syrians), whereas the

corresponding interval for females is 35 (Iraqis) to 61 percentage points (Syri-

ans). A similarly bleak picture emerges for unemployment. It should be noted

that the figures refer to 2017, i.e., immediately after the “refugee crisis”, im-

plying that a large number of immigrants from especially Syria only have been

resident in Sweden for a very short time when we observe them in the data.

This contributes to the employment rate being much lower and the unemploy-

ment rate considerably higher for Syrian immigrants than for immigrants from

Iraq and Somalia in this particular year.
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Table 1. Educational attainment, by region of birth, percent, 2016

Educational attainment (percent)

≤9 years Upper University University Unknown

schooling secondary <3 years ≥3 years

Born in Sweden 10 47 16 27 0

Foreign born 20 33 14 26 7

Born in:

—Iraq 29 30 15 22 3

—Somalia 52 29 7 5 7

—Syria 35 22 21 15 6

Notes: The data refer to 25-64-year-olds. Source: Statistics Sweden.

Table 2. Labor market status by region of birth, percent, 2017

Sweden Africa Middle East Iraq Somalia Syria

(a) Males:

Employment rate 86.9 60.9 55.9 62.0 57.6 40.6

Share in unemployment 5.5 33.7 39.2 27.0 38.3 68.1

(b) Females:

Employment rate 85.5 48.8 45.6 50.2 34.7 24.3

Share in unemployment 4.4 31.5 33.6 24.7 41.1 60.5

Notes: The data refer to 25-64-year-olds. The definition of employment is based on annual

income taxation records. The cutoff for being classified as employed is based on a model which

incorporates taxation records and data from the Swedish Labor Force Surveys for October-

November. The method is designed to produce an employment measure that corresponds to the

definition of employment according to the International Labour Organization as closely as pos-

sible. Unemployment is defined as “total” unemployment, i.e., being registered at the Swedish

Public Employment Service as full-time unemployed or participating in any labor market pro-

gram, including subsidized employment, on the 30th of November. Source: Own calculations,

based on register data from Statistics Sweden.
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2.3 Employment in low-skilled jobs

Approximately one in twenty employees in Sweden work in elementary occu-

pations, which typically do not require more than primary education. These

include, i.a., cleaners, restaurant assistants and home care assistants. It can be

concluded from Figure 1 that immigrants from Africa and the Middle East are

strongly overrepresented in these jobs. This is especially true for males, and

for individuals who immigrated recently; despite representing only around five

percent of all jobs in Sweden, elementary occupations employ about 40 per-

cent of male immigrant employees in the studied group who immigrated the

year before. After four years, the number is still above 25 percent. Even af-

ter ten years, the share of employees in elementary occupations is still around

three times larger than the share for all workers in Sweden. Our data indicate

that elementary occupations are an important gateway to the labor market for

newly arrived immigrants from Africa and the Middle East and continue to be

of significance long after immigration.

To what extent are low-skilled jobs female dominated? Table 3 reports the

percentage of female workers in the largest low-skilled occupations by re-

gion of birth. The highest share of female workers is in cleaning and related

services and restaurant jobs, where, e.g., three-quarters of native workers are

women. Elementary occupations in construction, manufacturing and trans-

portation instead exhibit the lowest overall shares. The female share is notably

lower for workers born in Africa and the Middle East than for natives. This is

particularly true for restaurant and café assistants, where only around a third

of workers from Africa and the Middle East are women.

3 The field experiment

The aim of the experiment is to study the impact of language training and

experience from low-skilled jobs for foreign-born persons who apply for low-

skilled jobs in the Swedish labor market. Eight fictional job applicants are

included in the experiment: Four males and four females, all of whom with

unique Arabic-sounding names, born in Syria, 23 years old, single, living in

the same suburb of Stockholm, with a high school diploma from their country

of origin and with a residence permit granted in 2016. As we noted in the

Introduction, a very large number of the refugees who were granted residence

permits in Sweden in recent years have a Syrian background.2 In order to

2It is not explicitly stated in the applications that the applicants have been refugees. Strictly

speaking, they could have been granted residence permits also as “tied movers” (see Section

2). (Around 24 percent of granted residence permits for Syrians during 2015-16 were for “tied

movers” and very few, if any, were for work or studies, according to the Swedish Migration

Agency.) The distinction between refugees and “tied movers” is not likely to matter much for

employers in our experiment. For simplicity, we use the term “refugees” forthwith to include

also migrants for family reasons.
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Figure 1. Probability to be in elementary occupation for employees born in Africa and

the Middle East, by gender and years since immigration

Notes: The data refer to individuals aged 20 to 64, observed between the years 2000 and 2013.

Occupation based on the 1996 version of SSYK. Source: Own calculations, based on register

data from Statistics Sweden.

Table 3. Share of females in low-skilled jobs, by occupation and region of birth, 2017

Occupation N Native Foreign Africa Middle Iraq Somalia Syria

born East

Cleaning and re-

lated services (91)

87,392 75.1 68.6 47.6 38.1 37.9 43.7 34.9

Construction, man-

ufacturing and

transport (93)

22,395 20.0 22.4 8.7 12.7 16.5 2.4 8.9

Restaurant and café

assistants (94)

59,781 77.9 44.6 29.3 34.7 41.9 34.9 23.2

Other service work-

ers (96)

47,757 30.7 31.5 21.2 26.6 25.8 23.7 22.0

All low-skilled oc-

cupations

220,505 54.5 53.2 36.6 33.0 36.6 36.7 24.9

Notes: The data refer to 25-64-year-olds. Elementary occupations, as defined by the Interna-

tional Standard Classification of Occupations, require at most primary education. Occupation

based on the 2012 version of SSYK. Each cell reports the percentage of females of all workers

by occupation and region of birth. The figures for all low-skilled occupations include the minor

occupations “Berry pickers and planters” and “Market salespersons”. Source: Own calcula-

tions, based on register data from Statistics Sweden.
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avoid having job applicants with a long work history, we have chosen them to

be relatively young. The experiment was carried out during the period January

to December 2019 (i.e., before the Covid-19 pandemic broke out).

3.1 Design of the experiment

All eight job applicants were registered at the Swedish Public Employment

Service in August 2016. Four of them signaled work experience by stating em-

ployment in a low-skilled job—restaurant assistant in a well-known fast-food

restaurant chain (starting in November 2017)—in their applications, while the

other four instead continued to be registered at the employment service. Four

of the applicants signaled language proficiency by stating that they had com-

pleted the entire Swedish for immigrants (SFI) program, while the other four

did not mention anything about such training. The applicants were randomly

distributed to advertisements for low-skilled jobs. Through this procedure, we

thus get the following four types of applicants of each gender:

1. One who has been registered with the Public Employment Service until

the time of application and who does not mention anything about com-

pleted SFI.

2. One who has been registered with the Public Employment Service until

the time of application and who claims to have completed SFI.

3. One who, after being registered with the Public Employment Service,

worked in a low-skilled job until the time of application and who does

not mention anything about completed SFI.

4. One who, after being registered with the Swedish Public Employment

Service, worked in a low-skilled job until the time of application and

who claims to have completed SFI.

Our hypothesis is that experience from a low-skilled job and completed SFI

should increase the probability that employers respond positively to an appli-

cation, as these two characteristics should signal higher productivity, relative

to continued unemployment and not having completed language training, re-

spectively.

We chose to signal labor market experience by having the applicants refer to

a well-known fast food chain since the majority of people in Sweden should

understand roughly what tasks are performed and what level of effort is re-

quired to carry out a low-skilled job in such a restaurant. Thus, the employer

should relatively easily be able to infer the value of such experience for the

advertised job at hand.

The purpose of the SFI education, which is the responsibility of munic-

ipalities and is free of charge, is to provide basic proficiency in the Swedish

language to adult immigrants (Swedish National Agency for Education, 2018).

SFI is structured in three different paths depending on the individual student’s

prior general skill level. Within each path, students can advance to courses
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with a gradually higher degree of difficulty (courses A to D for path 1, B to D

for path 2 and C to D for path 3), but with the same knowledge requirements

regardless of the path. The courses deal with listening and reading compre-

hension, oral proficiency and writing skills. While courses A and B focus on

informal language in everyday situations, courses C and D also teach students

more formal language used in workplaces, educational institutions and the

wider community. SFI can be vocationally oriented, with courses sandwiched

with practical work, but it seems that only a minority of students—data at the

national level are not available—get access to these vocational orientations

(Swedish Schools Inspectorate, 2010).

Although SFI is a compulsory part of the Establishment program (etab-
leringsprogrammet) that certain refugee immigrants are supposed to partici-

pate in, a substantial share do not complete the training.3 During the period

2014–18, only between 35 and 37 percent of the participants completed the

SFI courses, according to statistics published by the Swedish National Agency

for Education. Participants drop out for various reasons, not necessarily detri-

mental to the individual. Some may have found a job, while others may have

entered other types of education, moved to another part of Sweden or returned

to their home country. Notwithstanding, it seems plausible that an explicit ref-

erence to having actually completed the language training can be perceived as

a positive signal regarding language proficiency by the employers.

Employers responded to applications via email or phone message. We dis-

tinguish between two types of callback: (i) Invitation to an interview or request

for more information about the applicant (than what appears from the cover

letters and attached resumés), and; (ii) Invitation to an interview. As expected,

no employers responded with direct job offers, so no such callbacks are cate-

gorized. To minimize the inconvenience for employers, we promptly declined

any callback offers. In line with other correspondence studies, we interpret

requests for more information from the applicant as a positive signal from the

employer, even if it does not lead to an interview or a job offer.

The application letters were designed to be simple and rather short, but

were written in grammatically correct Swedish without spelling mistakes. We

decided not to signal language proficiency by variations in how correct the

language in the application letters was. Arguably, this signal can be weak, for

several reasons. First, checks for grammatical and spelling errors are integral

parts of most word processing programs. Second, templates of correctly for-

mulated applications are readily available on the Internet. Finally, relatives

and friends with good language skills may assist in the formulation of the ap-

plications. As we show in Section 4, employers seem well aware of these

possibilities, implying that they are inclined not to draw strong conclusions

3The Establishment program is organized by the Public Employment Service and consists of

support in the form of activities and education, directed to newly arrived refugee immigrants

aged 20–64 with residence permits.
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regarding language proficiency from an application in correct Swedish until

they have talked to the applicant in person. There are also other concerns

with varying the quality of the language in the application letters. Such varia-

tion may, apart from language proficiency, signal other personal characteristics

like ambition and conscientiousness, making the interpretation of any effects

on callback complicated. Focusing on language training only is arguably also

more policy relevant.

An example of an application with cover letter and resumé, translated to

English, is shown in Appendix. The brief letters may also have motivated

some employers to request additional information instead of forthwith inviting

the applicant for an interview.

The eight applicants were randomly assigned to low-skilled job openings

across the country, which were advertised on the Swedish Public Employment

Service’s portal Platsbanken. We selected five occupations at the lowest skill

level (i.e., elementary occupations) according to the Swedish Standard Clas-

sification of Occupations (SSYK): Restaurant/café assistant, cleaner, newspa-

per/leaflet deliverer, home care assistant and hand packer. At this skill level,

these occupations are among the most common among foreign-born, accord-

ing to Statistics Sweden. These occupations are also characterized by lower

language requirements than more skilled occupations (Ek et al., 2020).

Advertised jobs were not applied for if qualifications were explicitly re-

quired that were not clear in all applications (for example, previous work ex-

perience, good knowledge of Swedish or other languages, special training,

driving license or local knowledge) or if information about applicants were

requested that we could not provide (for example, social security number or

photo). We also excluded jobs advertised by staffing firms, as we lack the nec-

essary information about the client firm in which the employee will work. In

addition, we excluded jobs in the fast-food chain at which some of the ficti-

tious applicants were already employed.

It turned out that many jobs in three of the occupations—newspaper/leaflet

deliverer, home care assistant and hand packer—could not be applied for, to

a large extent for the reasons stated above, and they were also relatively few

in number. Consequently, almost all applications concerned jobs as restau-

rant/café assistants or cleaners. However, these occupations account for a very

large proportion of the low-skilled jobs among foreign born, 86 percent for

males and 61 percent for females in 2017 (Ek et al., 2020). In practice, the

restrictions also meant that only jobs in the private sector could be applied for,

as social security numbers are requested in job advertisements in the public

sector.

The experiment was registered with the American Economic Association’s
registry for randomized controlled trials before performing any analyses us-

ing the collected data, which means that we specified in advance the regres-

sions to be estimated and for which groups. We also performed some power

calculations (to be discussed in Section 3.4), although the sample size was
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not determined by these, but rather by a predetermined start and end date

of the trial. Moreover, we submitted the experimental design in advance to

Etikprövningsnämnden (the Ethics Review Board) in Stockholm for ethical

approval, which is standard procedure for research projects involving experi-

mental subjects in Sweden. They decided that no ethical review was necessary.

In total, we sent out 2,184 applications. For 1,958 of these, we were able

to determine the geographical location (municipality) of the job and whether

the advertisements referred to an open-ended or fixed-term contract and/or a

full-time or part-time job and in the analyses below we only include these

observations.4

3.2 Descriptive results

Table 4 displays descriptive statistics for the variables included in our analysis.

A first observation is that the callback rates were low: 3.9 percent for interview

or more information and 1.4 percent for interview. However, the callback

rates are fairly similar to those for non-European immigrants in other Swedish

correspondence studies, although these results are not strictly comparable.5

Furthermore, 63.3 (44.5) percent of the jobs were open-ended contracts (full-

time), whereas the corresponding figure for the labor market as a whole is 83.4

(78.5) percent, according to Statistics Sweden. The jobs in the experiment are

thus not only low-skilled, employment contracts are also atypical to a greater

extent than is the case for the labor market as a whole. Some jobs could only

be applied for via the employer’s own web portal, and not by email. However,

only 9 percent of applications were made through such online forms.

Table 5 reports balancing checks, where the characteristics of the job va-

cancies are related to those of the fictitious applicants. Since applicants are

randomly assigned to each vacancy, there should be no systematic differences

in job characteristics across them. We include indicators for open-ended and

full-time contracts, if jobs were applied to via online forms, if the job was

as a cleaner or restaurant assistant, if the job was located in the Stockholm

local labor market area, and the distance from job to home. The upper part

of the table reports averages for each of the eight applicants, while the lower

part shows coefficients and standard errors from regressing the job character-

4The qualitative results regarding the randomized variables (SFI completion, experience and

gender) are not affected by this choice, and the regression estimates are very similar when

instead using all 2,184 observations and not including controls for job characteristics.
5There is no previous Swedish study that is fully comparable to ours, in terms of applicant

groups and types of jobs. Some of the results in Carlsson (2010) and Vernby and Dancygier

(2019) come closest. The former study reports a callback rate of 7 percent for persons born

in the Middle East applying for low-skilled jobs in the restaurant sector. In the latter study,

callback rates for Iraqi- and Somali-born turn out to be 10 and 5 percent, respectively, but the

restaurant and café jobs applied for include not only low-skilled ones, as in our study, but also

higher-skilled jobs.
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Table 4. Descriptive statistics for the experiment

Mean Standard deviation

(a) Type of callback:

Interview/more information 0.039 0.194

Interview 0.014 0.117

(b) Characteristics of job applicants:

Completed language training (SFI) 0.508 0.500

Experience as restaurant assistant 0.500 0.500

Female 0.508 0.500

(c) Characteristics of jobs applied for:

Open-ended contract 0.633 0.482

Full-time schedule 0.445 0.497

Online form 0.089 0.285

Distance to job from home 284.0 249.3

Stockholm area market 0.369 0.483

Hand packer 0.006 0.078

Home care assistant 0.002 0.045

Restaurant/café assistant 0.697 0.460

Cleaner 0.291 0.454

Newspaper/leaflet deliverer 0.004 0.060

Notes: 1,958 observations. Distance is in kilometers between the residential municipality and

the municipality in which the job is located, as indicated by Google Maps.
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istics onto indicators for having previous labor market experience, completed

language training, and for being female, separately for each outcome and ex-

planatory variable. Overall, the treatment is balanced over job characteristics.

The only exception is that applicants with previous experience are four per-

centage points less likely to apply for jobs as restaurant assistants, with an

average probability of just below 70 percent, which is mirrored in the higher

probability of applying to jobs as cleaners.

Figure 2 shows the callback rates in our experiment by gender and type of

job applicant, together with 95 percent confidence intervals, for the broad def-

inition of callback (interview or request for more information), while Figure

3 shows corresponding rates for the narrow definition (interview).6 The call-

back rate for females (around six percent) is three times as large as for male

applicants (two percent). Within genders, there are no apparent differences

across types, suggesting no large returns in the form of higher callback rates

for applicants with completed language training, work experience or with both

of these qualifications, relative to those with neither of them.

3.3 Econometric framework

The econometric analysis is based on linear probability models estimated with

OLS. As the main dependent variable, we use an indicator variable for if there

was a callback from the employer, either regarding invitation to an interview

or a request for more information. We will also conduct analyses with just

invitation to an interview as the dependent variable.

In the econometric analysis, our basic model is represented by the following

equation:

yi = β0 +β1×SFIi +β2×EXPi +β3×FEMALEi +γγγ ′XXXi + εi, (2)

where y is the outcome of interest, SFI is an indicator for whether the appli-

cant successfully finished language training, EXP is an indicator for whether

the job applicant has experience from a low-skilled occupation, FEMALE is an

indicator for female applicants, and ε is the error term. Job applications are in-

dexed by i. Although not necessary for identification, the model also includes

a vector of additional, non-randomized controls, XXX , which comprises indicator

variables for whether the employment contract is open-ended or fixed-term,

for whether the job is full-time or part-time, the distance from job to home,

using data from Google Maps and scaled to lie between 0 and 1, as well as

indicator variables for the occupations. As hand packers, home care assistants

and newspaper/leaflet deliverers accounted for very few observations, these

occupations have been merged into a single category, “Other occupations”.

6This is equivalent to estimating a fully saturated, non-parametric model of callback for each of

the eight applicants.
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Table 5. Characteristics of vacancies, by applicant type

(1) (2) (3) (4) (5) (6) (7)

Open- Full- Online Cleaner Restaur- Stock- Distance

ended time form ant ass. holm to job

(a) Applicants:

Male 0.631 0.416 0.077 0.266 0.717 0.348 301

Male with language

training (SFI)

0.617 0.424 0.074 0.288 0.700 0.329 300

Male with experience

as restaurant assistant

0.658 0.440 0.115 0.272 0.720 0.395 263

Male with SFI and ex-

perience

0.669 0.429 0.118 0.294 0.682 0.376 276

Female 0.606 0.469 0.095 0.276 0.720 0.331 297

Female with language

training (SFI)

0.639 0.430 0.100 0.265 0.731 0.430 257

Female with experience

as restaurant assistant

0.627 0.464 0.047 0.326 0.652 0.356 299

Female with SFI and

experience

0.620 0.488 0.081 0.341 0.655 0.388 279

(b) Estimated effect of:

Female -0.021 0.035 -0.015 0.022 -0.014 0.014 -2.242

(0.022) (0.022) (0.013) (0.021) (0.021) (0.022) (11.272)

EXP 0.020 0.020 0.004 0.035∗ -0.040∗ 0.019 -9.376

(0.022) (0.022) (0.013) (0.021) (0.021) (0.022) (11.267)

SFI 0.006 -0.004 0.009 0.013 -0.012 0.024 -12.392

(0.022) (0.022) (0.013) (0.021) (0.021) (0.022) (11.264)

Notes: The upper part of the table reports average job characteristics of the applications sent

from the eight applicants, while the lower part shows estimates from separately regressing the

job characteristics onto the characteristics of the applicants. Distance is in kilometers between

the residential municipality and the municipality in which the job is located, as indicated by

Google Maps. Robust standard errors in parentheses. ∗ indicates statistical significance at the

10-percent level.
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Figure 2. Callback rates for broad definition of callback, by gender and type of job

applicant
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(b) Male applicants

Notes: Callback refers to invitation to an interview from the employer or enquiry for more

information about the applicant. SFI and EXP stands for completed education in Swedish for

immigrants and experience as restaurant assistant, respectively. 994 observations for female

applicants and 964 for male. 95 percent confidence intervals.

Figure 3. Callback rates for narrow definition of callback, by gender and type of job
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(b) Male applicants

Notes: Callback refers to invitation to an interview from the employer. SFI and EXP stands

for completed education in Swedish for immigrants and experience as restaurant assistant, re-

spectively. 994 observations for female applicants and 964 for male. 95 percent confidence

intervals.
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In alternative specifications, we add an interaction between SFI and EXP to

the model above, in order to capture heterogeneous effects for different combi-

nations of qualifications. Later on, we also examine if there are heterogeneous

effects with regard to gender, occupation, the region in which the job is lo-

cated, and mode of application, i.e., whether the job could be applied for by

email or only by using the employer’s own web portal.

3.4 Econometric results

In the registered analysis plan, our point of departure for the power calcula-

tions was a sample of 3,000 applications, a callback rate of 5 percent and a

5 percent significance level, implying that we can detect an effect of about

2.5 percentage points with an 80 percent probability (the standard power level

used in experimental studies). The actual number of observations in our study

turned out to be lower (2,184).7 The actual callback rate for all applicants was

slightly below 4 percent (for interview or more information). With that as the

correct underlying baseline, the real effect of any intervention would need to

be around 2.6 percentage points in order for us to reject with 80 percent prob-

ability the null hypothesis that there is no effect of, for example, completed

SFI.

The first set of regressions, for all job applicants and both definitions of

callback, is shown in Table 6, while Table 7 reports regressions by gender,

using the broader response measure only. Neither SFI nor EXP contributes

significantly to higher (or lower) callback rates and this is true also for the

interaction SFI × EXP, although the latter is borderline significant in the sam-

ple with male job applicants. In some of the regressions, the estimated effects

are even negative, but they are never significant. The only variable that seems

to systematically affect callback rates is the applicant’s gender: Females are

about 3.8 percentage points more likely than males to be asked for an inter-

view or for more information. The difference is 1.3 percentage points for the

narrower measure of invitation to an interview. Relatively speaking, the gen-

der difference is very large; the probability of being invited to an interview

or asked for more information increases by approximately 190 percent if the

applicant is female instead of male, while the corresponding increase for in-

vitation to an interview amounts to around 180 percent.8 The higher callback

rate for females is also consistent with our finding in the employer interviews

7Basically all jobs were applied for that appeared on Platsbanken during the period of study

and fulfilled our selection criteria.
8To obtain the relative effects, we divide the estimated coefficient for the FEMALE indicator

by the average probability of receiving a callback for male applicants. The average callback

rate for invitation to an interview or request for more information was 2.0 percent for males and

5.8 percent for females, while the corresponding rate for invitation to interview was 0.7 and 2.0

percent, respectively.
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that some employers prefer hiring females over males in the low-skilled jobs

we study (see Section 4).

With all applicants included and without interaction between SFI and EXP,

the confidence interval for SFI ranges from -0.027 to 0.009, while that for EXP
is between -0.018 and 0.018. Since the overall callback is only 4 percent, we

cannot rule out sizeable relative effects. In absolute terms, however, the effects

appear small; based on the upper bound of the confidence intervals, when sig-

naling experience one would receive at most one additional positive callback

per 1
0.018 ≈ 56 applications and when signaling SFI the corresponding number

is 1
0.009 ≈ 111. With separate regressions by gender and with interaction ef-

fects the confidence intervals become even larger, since we are then in effect

comparing either four or eight groups.

What about the control variables in the regressions? It should be noted that

job characteristics were not randomized in the experiment, so it is not possible

to interpret our findings for these variables in causal terms out of hand. If the

advertisement refers to an open-ended contract, the callback rate for the more

broadly defined response decreases by 1.9 percentage points, but the coeffi-

cient is close to zero for the interview alone. The fact that jobs with open-

ended contracts are associated with lower callback rates may reflect that these

positions are more attractive to apply for, but employers may also become

more demanding when recruiting to such jobs as costs of dismissal are sub-

stantially higher. The mode of application could reflect unobserved employer

characteristics correlated with callback rates, such as size, the number of ex-

pected applicants and the resources devoted to the screening of applicants.

However, neither for full-time jobs nor online forms do we see a relationship

with callback. While full-time jobs may also be more attractive to apply for,

they are not associated with higher dismissal costs than part-time positions.

Since all applicants resided in the Stockholm area but applied for jobs all over

the country, we examine whether geographical distance affects callback rates.

For example, the low callback rates in general may reflect that many jobs

(over 60 percent) were located outside of Stockholm. The distance variable is

rescaled to run between 0 and 1, so the coefficient can be interpreted as the

difference between applying for jobs in the residential municipality and the

municipality farthest from this municipality. We find a negative effect of the

distance variable, but it is significant only for the narrow definition of callback.

Employers may be reluctant to directly invite faraway applicants to interviews

for low-skilled jobs, out of misgivings that the applicants are not genuinely in-

terested in the position (see Section 4, where this matter is discussed in more

detail).

Examination of heterogeneous effects with regard to independent variables

is rendered somewhat problematic because of low power, but outlines of such

analyses were part of our pre-registration plan and the results are provided in
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Table 6. Callback regressions, by type of response

(1) (2) (3) (4)

Interview/more information Interview

Language training (SFI) -0.009 -0.014 -0.002 0.006

(0.009) (0.012) (0.005) (0.007)

Experience as restaurant assistant -0.000 -0.006 0.001 0.009

(0.009) (0.013) (0.005) (0.008)

SFI × Experience 0.012 -0.015

(0.018) (0.011)

Female 0.038∗∗∗ 0.038∗∗∗ 0.013∗∗ 0.013∗∗
(0.009) (0.009) (0.005) (0.005)

Open-ended -0.019∗ -0.019∗ -0.006 -0.006

(0.010) (0.010) (0.006) (0.006)

Full-time -0.010 -0.011 -0.008 -0.008

(0.009) (0.009) (0.005) (0.005)

Online form -0.010 -0.010 0.010 0.011

(0.016) (0.016) (0.012) (0.012)

Scaled distance to job from home -0.022 -0.022 -0.034∗∗∗ -0.034∗∗∗
(0.021) (0.021) (0.012) (0.012)

Cleaner -0.006 -0.006 0.015∗∗ 0.015∗∗
(0.043) (0.044) (0.006) (0.006)

Restaurant/café assistant -0.010 -0.010 0.015∗∗∗ 0.015∗∗∗
(0.043) (0.043) (0.005) (0.006)

Constant 0.056 0.059 0.007 0.003

(0.044) (0.044) (0.007) (0.007)

Number of observations 1,958 1,958 1,958 1,958

R2 0.014 0.015 0.009 0.010

Notes: The regression models are estimated with OLS. The reference category for the occupa-

tions is Other occupations (hand packers, home care assistants and newspaper/leaflet deliverers).

Robust standard errors in parentheses. ∗, ∗∗ and ∗∗∗ indicate statistical significance at the 10-,

5- and 1-percent level, respectively.
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Table 7. Callback regressions for broad definition of callback, by gender

(1) (2) (3) (4)
Female applicants Male applicants

Language training (SFI) -0.018 -0.015 0.002 -0.014
(0.015) (0.021) (0.009) (0.013)

Experience as restaurant assistant -0.003 0.000 0.002 -0.013
(0.015) (0.023) (0.009) (0.013)

SFI × Experience -0.006 0.031∗
(0.030) (0.018)

Open-ended -0.027 -0.027 -0.012 -0.012
(0.017) (0.017) (0.011) (0.011)

Full-time -0.013 -0.013 -0.009 -0.008
(0.015) (0.015) (0.010) (0.010)

Online form -0.008 -0.008 -0.012 -0.012
(0.031) (0.031) (0.013) (0.013)

Scaled distance to job from home -0.019 -0.018 -0.028 -0.028
(0.038) (0.038) (0.020) (0.020)

Cleaner -0.058 -0.057 0.017∗ 0.020∗
(0.118) (0.118) (0.009) (0.010)

Restaurant/café assistant -0.070 -0.069 0.022∗∗∗ 0.025∗∗∗
(0.118) (0.118) (0.007) (0.008)

Constant 0.162 0.160 0.016 0.022
(0.120) (0.120) (0.014) (0.015)

Number of observations 994 994 964 964

R2 0.008 0.008 0.005 0.008

Notes: The regression models are estimated with OLS. The reference category for the occupa-

tions is Other occupations (hand packers, home care assistants and newspaper/leaflet deliverers).

Robust standard errors in parentheses. ∗, ∗∗ and ∗∗∗ indicate statistical significance at the 10-,

5- and 1-percent level, respectively.
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Table 8. All regressions use the broader measure of callback as the dependent

variable.

Separate regressions for cleaners and restaurant/café assistants reveal no

sizeable positive effects from signaling SFI or experience for any occupation.

The coefficient for SFI is significantly negative for the latter group. (Given

the large number of estimates in the table, we are of course likely to find some

significant effects just by chance.) Surprisingly, we find no positive effect

of non-trivial magnitude on callback from signaling previous experience as a

restaurant/café assistant even when such jobs were applied for.

We have examined heterogeneity relating to geographical distance in two

ways. First, we have added interactions between the measure of the traveling

distance between job and home and the SFI, EXP and FEMALE indicators.

Second, we estimate separate models for job postings inside and outside the

Stockholm local labor market as well as a joint model where the randomized

explanatory variables are interacted with an indicator for if the job was lo-

cated in Stockholm. However, we find no relationship between, on the one

hand, the traveling distance from the residential municipality and whether the

jobs are in Stockholm and, on the other hand, effect sizes for the randomized

variables. Furthermore, we find no difference in the returns from signaling

completed SFI or experience with respect to the mode of application, but there

is a negative effect of the distance variable when only online forms were used.

Finally, in unreported regressions (available on request from the authors)

we investigated whether the month of application during the year-long exper-

iment and repeat applications to the same employer matter. The month of

application reflects pure calendar effects, on the one hand, as well as effects

stemming from the fact that both length of previous experience and duration

of unemployment increases over time, on the other hand. It is not possible to

distinguish between the two effects with our data. We divided the sample ac-

cording to month of application and estimated the regressions corresponding

to Table 6, column 1, separately for each month. We see no clear trends in the

estimates for SFI or EXP, but there is a weak tendency for the estimates for

females to be somewhat smaller in the second half-year. Moreover, it turned

out that many employers received more than one application—38 percent of

all applications were made to an employer whose name and/or contact details

appear multiple times in our sample. However, a large number of these occur-

rences were due to applications being sent to jobs at large chains/firms with

multiple establishments across the country, hiring locally. Only about half of

the occurrences (21 percent) in our main sample were associated with an email

address that appears multiple times. These were often addresses used specif-

ically for recruitment purposes. Although the applications were for different

job postings and over the course of a year, it is conceivable that these firms dis-

covered that an experiment was going on and consequently differ from other

firms in their response. However, separate regressions, corresponding to Table

6, columns 1-2, for applications to employers who received only one applica-
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tion throughout the experiment show only small differences to the regressions

using the full sample in the estimates for SFI, EXP and FEMALE.

4 The employer interviews

After the field experiment was completed, we conducted interviews with em-

ployers with extensive experience of handling and judging applications for

low-skilled jobs from persons of non-European origin. The purpose of the

interviews was to shed additional light on what employers look for in such ap-

plications and how these are typically written. Contact information to suitable

employers was provided by two Swedish employer associations, Visita and

Almega. The former consists of firms in the hospitality industry and the latter

directs itself to various other service industries, including cleaning firms.

In total, we contacted ten employers, five of whom did not respond or de-

clined to participate. We carried out interviews with four employers from the

hospitality industry and one cleaning firm. These were conducted via Zoom

and recorded (with the consent of the interviewees) and lasted between 30

minutes and one hour. After the Zoom interviews, some follow-up questions

were communicated via email. All the respondents were directly involved in

recruitment, either as owners of the firms, chief operating officers or heads of

human resources departments. The participating firms were located in differ-

ent geographical areas of Sweden and of different size in terms of the number

of employees: One small firm (49 employees or less), two medium-sized firms

(50–249 employees) and two large firms (250 employees or more).

Before the interviews, the respondents were informed about the purpose of

the interviews and that the identity of the firms would not be revealed. The in-

terviews were semi-structured, and based on a questionnaire (that the respon-

dents were given access to in advance), but allowing for follow-up questions

depending on the answers given.

The number of interviews is small and the employers were not chosen ran-

domly, implying that the evidence we collected should be regarded as sug-

gestive in nature. Our respondents were, however, quite unanimous in several

important respects.

All firms except one (a former user) reported that they use the web portal of

the Public Employment Service, Platsbanken, as the main recruitment chan-

nel. Some interviewees also use social media, e.g., Facebook and LinkedIn, or

the firm’s own website. The type of low-skilled jobs our respondents advertise

include restaurant assistants, cleaners and, in one firm, janitors/park-tenders.

All of the employers stated that they receive many applications for low-

skilled jobs: From 30–40 applications for a single position in one firm up to

1,500 applications for a couple of hundred positions in another firm. Handling

such large amounts of applications obviously require a great deal of resources

on part of the firms. Some employers argued that the task is made more diffi-
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cult by the perception that some applications are not seriously intended, only

serving as a means to fulfill requirements for unemployment benefits or activ-

ity support, i.e., monetary compensation for those participating in active labor

market programs, sometimes resulting in no-shows for job interviews. These

difficulties were also the reason why the former user of Platsbanken stopped

using it entirely.

A clear majority of the applications for low-skilled jobs come from per-

sons with perceived origin in non-European countries, according to all but

one of our respondents. Estimated shares range between 50 and 90 percent.

Regarding the share of applications from females, responses were more dis-

persed, between 20 and 80 percent. Three of the firms were of the opinion

that there are no important differences in job performance between females

and males, but two respondents regarded females as being more conscientious

and adaptive. One of these respondents, with only 20 percent of the applica-

tions from females, would like to see the share of females in the firm increase.

This respondent also claimed that females are more meticulous than males in

cleaning jobs, and that this possibly reflects habits from their home countries,

where females traditionally assume full responsibility for household chores.

Two respondents reported that, on average, there are differences in social

skills between females and males. One of them stated that women can be

relatively quiet and unobtrusive, in line with traditional gender roles. Another

respondent was of the opinion that males connect faster to co-workers than

females.

Without exception, the firms reported that job applications from non-Europeans

tend to be very short and simple, containing only basic information. A length

of six to seven sentences in the cover letter is typical for persons from Africa

and the Middle East and some applicants do not even include a letter, only

the resumé. Some applications are more standardized and formal than others,

and appear to be written using templates, from SFI or the Internet, or with the

assistance of a job coach from the Public Employment Service. While our re-

spondents informed us that grammatical and spelling errors are common in the

application letters, not much emphasis seems to be put on this in the screening

process.

Most of the firms did not regard completed SFI as important. A common

view was that proficiency in Swedish varies a great deal among those who

have completed SFI, implying that the language skills signal is rather weak.

The best way to assess language proficiency is to meet the applicant in person.

One interviewee claimed that the quality of SFI is not always first-rate and

that there are other ways to learn Swedish. Another one mentioned that many

positions do not require advanced knowledge of Swedish. A third respondent

observed that completed SFI does not necessarily imply good communication

skills—some employees with fluency in Swedish do worse when it comes to

communicating with co-workers and customers, while some employees lack-

ing in language skills are better at this. One respondent, however, had a more
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positive attitude toward the merit of completing SFI and argued that it shows

dedication to and ability for learning. There is little to suggest that the re-

sponses were due to the interviewees being completely ignorant about SFI or

lacking in interest; two employers had personal experience of SFI, as a visitor

to language classes and co-arranger of vocationally oriented SFI, respectively.

The extent to which our respondents put emphasis on proficiency in Swedish

seems to vary with occupation. For jobs requiring direct contact with cus-

tomers basic knowledge of Swedish is seen as quite important, while other

jobs are less demanding in this respect (but some proficiency in English, at

least, is desirable).

Regarding the value attributed to previous labor market experience in Swe-

den, opinions differed. Three of the firms do not attach much importance to

this when recruiting, be it from the same type of job as the vacant position

or not and regardless of length. One respondent emphasized the importance

of on-the-job training. Under supervision from an experienced co-worker, it

is possible to learn the job from scratch within a couple of weeks. Another

interviewee noted that many positions in the firm pertain to summer or week-

end jobs, which typically are applied for by new entrants in the labor market.

Fostering an employee into a valuable member of a working team is not de-

pendent on previous experience, according to a third respondent. For instance,

in his/her firm, some of the restaurant staff are former carpenters. Two respon-

dents reported that at least some labor market experience is valuable, but not

necessarily from the same occupation as the one advertised.

Overall, our respondents regarded personal traits and attitudes—something

that they try to figure out from the application letters but is better assessed

during a job interview—as more important than formal qualifications. Being

motivated, service minded, conscientious, interested in a long-term employ-

ment relationship with the firm, and able to fit in with the workplace culture,

are characteristics highly sought after by employers in our survey.

Although strong conclusions cannot be drawn from our small survey, the

findings do lend support to our simple design of the application letters in the

field experiment. They also contribute to the understanding of the reasons be-

hind the low callback rates in general, why they were higher for females than

males, and why applicants with completed SFI and previous experience did

not receive more callbacks than applicants without these qualifications. Our

findings suggest that employers hiring applicants from the Middle East and

Africa in low-skilled jobs view SFI and experience as weak signals of pro-

ductivity. When judging such applicants, employers seem to have a functional

approach, considering the requirements of the task at hand and the potential

for a long-term relationship rather than formal qualifications.
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5 Conclusions

Using a correspondence test, we have investigated the impact of completed

language training in Swedish (SFI) and experience from low-skilled jobs for

recently arrived foreign-born job applicants in the Swedish labor market. Ap-

plications were sent from fictitious Syrian refugees with different language

skills and previous work experiences to employers advertising low-skilled job

vacancies. We are unable to demonstrate large positive effects of SFI or previ-

ous experience on callback rates. However, female job applicants were signif-

icantly more likely than male applicants to receive callback from employers.

We have complemented the correspondence study with interviews with a select

number of employers, in order to shed light on potential mechanisms behind

our experimental results.

A review of previous research indicates that initial labor market experience

is associated with improved long-term labor market outcomes for foreign-born

individuals. Language proficiency also seems to be related to better prospects

in the labor market for immigrants according to the literature. But employers

in our experiment did not pay all that much attention to whether or not a job

applicant has completed language training in Swedish or have any previous

work experience. Neither completed SFI nor a low-skilled job thus seems to

provide any significant positive signaling value when refugees from Syria ap-

ply for low-skilled jobs through formal channels. One interpretation of these

findings is that the positive effects suggested in the literature of these qualifi-

cations are driven by other mechanisms than signaling, which are not possible

to account for in our experimental setting, such as better access to informal

career paths, information, human capital accumulation, or improved profes-

sional networks. The respondents in our employer interviews reported that

they regard the link between completed SFI and language proficiency as being

rather weak and that applicants’ personal traits, like motivation and consci-

entiousness, are more important than previous experience. Applications for

low-skilled jobs are typically very short and simple, according to our respon-

dents, and more information about the personal characteristics that employers

are looking for could contribute to higher callback rates.

The observation (in Section 2) that females from Middle Eastern and African

countries exhibit lower employment rates compared to men from these regions

does not seem to be explained by females being less likely to be contacted for

an interview. The two most important occupations in our experiment, restau-

rant assistant and cleaner, are dominated by females and there are also other

correspondence studies that find that females have a higher callback rate than

males in female-dominated occupations, as discussed in the Introduction. The

interviews revealed that some employers regard females as more conscientious

and adaptable than males. Disregarding any general equilibrium effects and

differences in selection into employment for males and females, our results in-
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dicate that the integration of foreign-born females would be improved if they

to a greater extent apply for jobs.

As is usual in correspondence studies, a number of caveats are in order. It

should be emphasized that we do not test the effect of language skills per se,

but the signal from completed language training. It is not obvious how em-

ployers interpret the formulation that the job applicant has completed “the

entire SFI program” in terms of language skills, as employers may be ill-

informed about the contents and structure of SFI (although the employer inter-

views showed that some of them were practically involved in the program). We

cannot distinguish between effects due to ignorance or misconceptions regard-

ing SFI on part of employers and effects based on actual knowledge. More-

over, given previous experience, completed formal language training may not

be seen as a large additional advantage. It is also conceivable that SFI has

no positive effect on the callback rate if an explicit reference to such training

reminds the employer that the applicant belongs to a group with a perceived

low productivity (foreign born) or if the employer is reminded of a training to

which he or she is skeptical, even if completed by the applicant. This skepti-

cism may be due to the requirements or quality in SFI perceived as being too

low.

The fact that unemployment is assigned such a small role by employers in

our study may be related to the fact that the group we examine has a generally

low employment rate. For the group we are investigating, it may be that the

work experience is considered to be too short (between 14 and 25 months, de-

pending on time of application) or not sufficiently qualified. However, it is not

possible to distinguish between effects of different lengths of work experience

and calendar effects in our experiment.

Furthermore, the labor market we study is characterized by stronger com-

petition for available jobs than in more skilled occupations, according to the

Swedish Public Employment Service (2019), whose regularly published in-

dices indicate the extent of labor shortages or excess supply in various jobs.

The observation that competition for low-skilled jobs can be fierce is also sup-

ported by our employer interviews, in which the respondents reported that

they receive a large number of applications per vacant position, and by pub-

lic statements from other employers (Bergfors, 2011; Jureskog, 2022). Fierce

competition may have particularly negative consequences for the vulnerable

group included in the experiment and not only lead to a generally low callback

rate, but also to a small return on the signals of Swedish language proficiency

and productivity acquired through work experience in the applications.
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Appendix A Application letter and resume

Job application, with cover letter and resumé. [ ] indicates text not shown here. Text without {

} refers to applicant 1 (see Section 3.1) and text with { } added refers to the other applicants.

Page 1

To: [Employer]

In your ad, I read that you are looking for a [Professional role]. I’m very interested in the job.

I’m 23 years old. I was born in Damascus in Syria and received a residence permit in Sweden

in 2016. I currently live in Stockholm. {I have completed the entire education in Swedish for

immigrants (SFI).}1

I have a high school diploma from my home country. {I currently work as a restaurant assistant

at [Fast-food chain] in Stockholm (references provided on request).}2

I’m single and in my spare time I like to work out, listen to music and meet friends.

I hope to meet you in person and send my application.

Page 2

Resumé

Personal Information:

Name: [Name]

Date of birth: [Date of birth]

Place of birth: Damascus, Syria

Address: [Residential address]

Email: [Email address]

Telephone: [Telephone number]

Education:

High school diploma from Damascus, Syria

{Completed the entire education Swedish for immigrants (SFI)}1

Work experience:

201608 - Registered at the Swedish Public Employment Service

{201711 - Employed as a restaurant assistant at [Fast food chain]}2

1{ } indicates text included for applicant 2 and 4, see Section 3.1.
2{ } indicates text included for applicant 3 and 4, see Section 3.1.
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